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Artificial Intelligence-Based Model-Adaptive Approach to
Flexible Structure Control

S. Hanagud,* B. J. Glass,t and A. J. Calise*
Georgia Institute of Technology, Atlanta, Georgia

A method of explicit self-tuning adaptive control for discontinuously time-varying flexible structures has been
developed, by using artificial intelligence techniques of heuristic search and object-oriented programming to find
new models when the controlled structure undergoes sudden model changes. The frequency-domain response of
the structure is used to generate a heuristic model-evaluation index based on response error for possible models.
The optimal model, returned by a best-first search algorithm, is then reformulated in a state form, and a new
controller is obtained by using an optimal output feedback approach. Convergence of this adaptive procedure
has been analyzed, and this controller model replacement (CMR) approach has been demonstrated for an
example problem of a beam undergoing boundary condition changes. A performance comparison has been made
with the classical explicit self-tuning regulator method of adaptive control, demonstrating the enhanced adaptive-
ness made possible in CMR by identifying changes in the form of the model as well as parameter shifts.

I. Introduction

A NEED for adaptive controls exists when it becomes nec-
essary to control a system for which the form of the

model and critical parameter values are uncertain, or when the
system operates under a wide range of conditions. Histori-
cally, systems subjected to adaptive control have been assumed
to be time-invariant or subject to incremental changes in pa-
rameter values over time. However, certain flexible structures,
such as large space structures or helicopter structures, may
undergo unpredictable discontinuous changes in both the
model form and the model parameters due to failures, con-
struction, added payloads, or configuration changes. Large
changes in the appropriate model form tend to invalidate the
a priori model on which the current adaptive-control proce-
dures, such as self-tuning regulators or model-reference con-
trol, are based. Such changes might include new boundary
conditions, system order, or large discontinuous swings in pa-
rameter values.

Controller model replacement (CMR) is related to explicit
self-tuning methods, for which identification and control are
separate steps, e.g., Astrom and Peterka.1 Most current self-
tuners are of the implicit type, which combines these steps. In
comparison with model reference control, CMR does not de-
pend on a fixed a priori model form /x, as shown in Fig. 1.
Large changes in model form will not invalidate CMR unless
they are of a type not reflected in the space of possible models.

In order to adaptively control time-varying flexible struc-
tures (TVFS), the time-varying form of the mathematical
model must be identified as well as its parameters. In contrast,
classical structural dynamic system-identification methods2'5
are based on a time-invariant model form, obtained from ini-
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tial assumptions, with an a priori set of initial parameters.
These methods consider either parameter or frequency-domain
response in identifying model parameters. Frequency-domain
methods are usually based on minimizing variance, output
error, or equation error.

An identification approach to the control of TVFS is to
consider a set of possible a priori models and to choose the
model that best matches the response. Related to this approach
are parameter-set identification methods, such as the works by
Stein and Saridis6 or Deshpande et al.7 Wittenmark8 extended
these efforts to add a second level of identification, creating a
two-level self-tuning regulator. This two-level adaptive con-
troller incorporated a procedure for probabilistic parameter-
set switching on top of a conventional implicit self-tuner. More
recently, Schumann et al.9 matched model order and controller
deadtime, given a priori parameters, within a range of alterna-
tive values by using stored empirical correlation functions.
Linear polynomial equations have been used to represent all of
these control models, and model changes have referred only to
switching between fixed parameter sets. In addition, Schu-
mann et al. have considered only time-invariant systems.
Within their space of alternatives, these procedures conducted
global, or blind, searches requiring evaluation of every possi-
ble alternative. None of the above works has considered con-
trol of flexible bodies.

In this paper, observed system characteristics obtained by
modal analysis will be used to identify the best model by using
artificial intelligence (AI) methods of best first, heuristic
search, the concept of levels of abstraction, and frames or
object-oriented programming techniques for knowledge repre-
sentation. An object-oriented approach has been used to rep-
resent the model space as a search tree, with models organized
into families at varying levels of abstraction.10 These methods,
in addition to finding a new model form, have resulted in
considerable search economy over conventional programming
methods. Once a model form has been identified, parameter
identification has been performed to improve the initial a pri-
ori parameter set used for calculating model responses.

Although an adaptive procedure incorporating both model
and parameter identification is not dependent, in general, on
the use of a particular control-design method, an example has
been given in this paper by using a current linear optimal
output feedback control-design method of Moerder and
Calise11 when a discontinuous change to the plant results in the
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Fig. 1 A controller model replacement (CMR) self-tuning regulator.

identification of a new model form. Results show that this
controller model-replacement method improves damping,
time needed to reduce vibrations below a certain level, and
stability for a beam subjected to discontinuous model form
changes, when compared with an explicit self-tuning approach
to the same problem that uses only parameter identification.

To introduce the enhanced model-adaptive approach,
model- and parameter-identification procedures are discussed
in Sec. II along with the relative merits of the AI methods used.
In Sec. Ill, the formulation of the optimal control problem
from the identified structural dynamic model is discussed,
along with monitoring and decision-making procedures. A
convergence analysis is given for the adaptive algorithm is Sec.
IV, followed by an example in Sec. V of a possible heuristic
model-evaluation function. A numerical example, considering
a space of Euler-Bernoulli beam models and using optimal
output feedback, is discussed in Sec. VI. Finally, conclusions
and recommendations are given in Sec. VII.

II. AI-Based Model-Identification Procedure

Model and Parameter Forms
For TVFS, a model form ^ is defined in terms of differential

operators, boundary and initial conditions. In general, for
structural dynamics problems and in conventional parameter-
identification problems, the form of the model is assumed to
be known. Given an a priori set of model parameters 0/, the
model form may be used to solve for the system response (in
structural dynamics problems) or used to improve the parame-
ter set according to some error criteria (in parameter identifica-
tion). For TVFS, discrete degree-of-freedom (DOF) models
have parameter sets 0/ that include the mass, damping, and
stiffness matrices, M, C, and K, respectively. In this context,
identification means selecting a model form /* and parameter
set values 0, so as to minimize an error function •/(/*,0). Formu-
lation of an error function requires that response measure-
ments are available from the plant. For the control of TVFS,
a convenient form of system response is to use the open-loop
eigenvalues and eigenvectors, i.e., the natural frequencies o>
and mode shapes $ of the flexible structure.

The form of the model search space is a discontinuous,
denumerably infinite set of all possible TVFS models. Since it
is impractical to use / to evaluate the members of an infinite

set, the model search space is constrained to a finite, a priori
subset of the most likely models, R. R is chosen such that
individual model responses //(/*,0/) for an a priori set of
parameters 0/ are distinct. Given a finite model space R, how-
ever, in practice the possibility exists of the plant changing to
a model form not found in R. This possibility, plus the possi-
ble adverse effect of noisy measurements, requires that the best
model, in terms of the error criteria 7, be found even if no
exact match is found within R.

Obtaining System Response
For a body with p discrete sensors and m actuators, the

Fourier transforms of their signals can be computed to get the
frequency-domain output response and input force, w/(co) and
F/(OJ), respectively, for input/output locations */ and Xj. A
p x m transfer matrix H can be defined in terms of the ratio
of the cross correlation of the response to the autocorrelation
of the input, or

(1)
where the asterisk designates a complex conjugate.

A selected column of//, then, represents the p responses due
to a given actuator input. Various techniques, such as circle-
fitting, exist for estimating eigenfunctions from these, and
eigenvalues and system damping values can be measured di-
rectly from resonance peaks. Because of reciprocity, either
rows or columns of H may be used in practice.

Determining the Optimal Model
An optimization problem requires the definition of a mea-

sure of optimality or objective function. For model identifica-
tion, the optimality criterion is the model error function
J(JJL,OJ). In conventional parameter-identification problems,
the model from p is assumed, so the error function is a func-
tion of parameters only. As parameters are continuous vari-
ables, in general it is possible to set dJ/dOj - 0, and thereby to
identify the parameters by solving for 0/.

However, the models in the model space R are distinct and
discontinuous, so d J / d p cannot be defined. Since conven-
tional identification methods cannot be used in a model space,
it is necessary to pursue another approach. In this paper, the
AI method of heuristic, best-first search12'13 is used to select
the model in R with the lowest associated values of /, without
necessarily checking all models in R.

In comparison, in other approaches8 the error function J is
calculated successively for every model in R, selecting a model
that sufficiently minimizes /. If no suitable model match is
found, the entire linear search space is traversed. The advan-
tages of such a global search are that the search methods,
require no knowledge of relationships and similarities between
model forms, such as a shared boundary condition. For non-
trivial model spaces, however, the exhaustiveness of a global
search makes it an impractical method. For heuristic search
methods, the objective function J is used to direct search
within an organized model space, called a search tree. Abstract
data forms of this type have been used in artificial intelligence
research for several decades.
Organizing the Model Space

To construct a search tree, the distinguishing characteristics
Vj of models are considered. If both simple and detailed models
are grouped taxonomically by their similarities (common at-
tributes such as boundary conditions) and indexed by their
differences (e.g., presence or absence of added point masses),
a hierarchical model network results. Networks of this sort are
commonly known as discrimination nets, as defined by Feigen-
baum.14 They are easily represented as tree-like directed
graphs, such as is shown in Fig. 2.

In order to organize simple and detailed models into one
search tree, the level of abstraction of a particular family of
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Fig. 2 Directed graph of R with TV = 8 (a regular search tree).

models is defined as inversely proportional to the number of
common attributes Vj specified for its member models:

LA < (2)

In other words, detailed models fall on a lower level of abstrac-
tion than simple, prototypical models. The level of abstraction
of a particular model /*/ is defined as the total number of
distinguishing characteristics less the number defined for that
model, or

LA = C(v) - C(vj) (3)

where v is the total set of distinguishing characteristics used in
search-tree construction, vj is the set of characteristics defined
for model ^•, and C() designates a cardinal number.

In this paper, the search tree departs from usual AI practice
in that all models, once introduced, are carried down through
the search tree. This is necessary for identification, since an
uncomplicated model at a higher level of abstraction may be a
better match to the plant than a more detailed permutation of
the same model at a lower level. This propagation of higher-
level models down to lower levels is accomplished by including
each model in the set of its children (if any). In Fig. 2, the
geometric shapes at nodes represent models in a search tree of
this type. Defining the level of search in the tree k and the
branching factor n, it can easily be shown that for a regular
tree such as shown in Fig. 2, nk -N, where TV is the total
number of models in R and the search tree exhibits model
propagation. The order in which the Vj are considered defines
the levels of the tree. Although this order is not specified by nk,
it can be shown15 that if the order of Vj is such that the differ-
ence between model responses decreases as k increases, then
the optimal model can be selected by best-first search without
backtracking. If this criterion for a "well-ordered" tree is not
met, lower-level models might be closer in response error /to
other higher-level models than to their own ancestors in the
tree.
Advantages of Organizing the Model Space

By organizing the model space R into a search tree, two
important benefits are realized. First, a search tree permits
best-first or other heuristic search algorithms to be used.
Defining C as the total number of models searched, the use of
an exhaustive search method will cause all N models to be
checked, or,

C = nk = . (4)

In contrast, if best-first search is used in a regular well-ordered
search tree, it can be shown15 that

C = n + £ (« - 1), C<xO(kn) (5)

For this example, organizing the model space results in reduc-
ing the number of model evaluations from O(nk) to O(kn). A
similar result can be obtained for irregular search trees, i.e.,
trees with a variable branching factor (nkm).

Another advantage of organizing the model space is the use
of inheritance of variables, allowing low-level models to refer
to values stored in a parent model, rather than redundantly
replicating identical variable values. By using inheritance for
both common variables (analogous to a FORTRAN common
block) and also for the Vj values common only to specific
model families, memory needs are reduced. For instance, with-
out inheritance, a value is stored for each variable in each
model:

+ Np (6)

where k is the number of distinguishing characteristics v, and
p is the number of parameters common to all models in R. In
contrast, given full inheritance in a search tree, memory needs
can be shown to be reduced:

(7)

for regular search trees. Equation (7) follows from storing the
p common values only once, and from storing each new value
of Vj only in the highest model where it is defined. No more
than one previously undefined distinguishing characteristic Vj
is assumed to be specified for any of the TV models.

Object-Oriented Approach Selected
Although levels of abstraction and inheritance are not syn-

onymous, the advantages of both for model identification are
such that both should be features of the programming ap-
proach chosen. In a conventional programming approach such
as FORTRAN or Pascal, the search-tree relationships would
have to be implemented in the search program's control struc-
ture. A separate indexing scheme would be needed to imple-
ment data inheritance, thus offsetting the memory savings due
to inheritance with increased programming complexity. In
contrast to conventional programming approaches, in a frame
system16 the data and procedures relevant to a given model are
stored as a localized abstract entity, called a frame. Pointers
within levels of frames allow hierarchies to be easily imple-
mented within the knowledge base, rather than in the search
program. An object-oriented system is a type of frame system
in which program execution proceeds by means of messages
between objects (frames). For the case of TVFS models imple-
mented as objects, a search program would send a querying
message to an object embodying a given model, requesting the
simulated dynamic response for that model. Inheritance in an
object-oriented system functions by automatic querying of an
object's parents in the tree if the desired variable is not stored
locally. The layered structure of an object-oriented system,
together with its inherent inheritance characteristics, is found
to be superior to a conventional procedural programming
method for implementing levels of abstraction and inheritance
of values.
Variation of Best-First Search

Given an organized model space R and an evaluation crite-
rion J for model responses, heuristic search methods may be
used. One such method, called best-first search, sorts each
level of R by / and chooses the best model as either a match or
a direction for further search. Best-first search begins by form-
ing a queue of the first-level models in the tree. After sorting,
if no model satisfies an error bound for J, the children of the
lowest-valued model are substituted for it in the queue. The
process then repeats as needed until a match is found or until
the bottom level of the search tree is reached. A particular
best-first algorithm called A* has been shown17 to return with
the optimum model in the search space, provided that the
heuristic evaluation function provides an optimistic estimate
of the distance to the goal state (e.g., satisfying the bound on
the response error J).

As implemented in this work for model identification, best-
first search deviates from the conventional AI method because
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of the organization of the model search tree. Since each model
includes itself in the set of its children, no model is ever deleted
from the queue once introduced. The optimality of this version
of best-first search can be shown15'18 to depend on the assump-
tion of a well-ordered search tree, for which the differences in
/between models diminish with increasing search depth. Spe-
cifically, it _can be shown that max I Ah (k + /, 0)1
< min I Ah (k, 0) I is a sufficient condition for selection of the
model, where Ah(k) is defined as the difference in response
between two models on the &th level of the search tree, given
the true plant parameters.

Parameter Identification
Since the model-identification process requires an initial a

priori set of parameters 00
 m order to generate model re-

sponses, a parameter-identification step is necessary to correct
any initial parameter errors. If these parameter errors A0 are
significant, then iterations of model and parameter identifica-
tion will be necessary to identify both the true model and
parameter set. The particular parameter-identification al-
gorithm used in this paper, called MCKID, has been shown by
Hanagud et al.19 to find accurate, symmetric parameter ma-
trices for flexible structures, given either proportional or non-
proportional damping.

III. Controller implementation

Monitoring and Decision Making
In the absence of outside disturbances, no vibration control

is expected to be needed for a TVFS at rest. Model-form
changes are expected to be heralded by disturbances (e.g.,
jarring, sliding, and rigid-body motions). If these force inputs
cannot be accurately measured, a probing actuator signal
might be needed to obtain accurate response measurements for
identification. It is assumed that the previous or a default
control would be used until identification and control design
produced a new control.

The presence of measurement noise in any real TVFS should
not trigger unnecessary cycles of identification and controller
redesign. Therefore, before a new control is designed, some set
tolerance of a performance criteria should be violated in order
to signify that a model change is necessary. The error-evalua-
tion criteria chosen for monitoring is the model-evaluation
criteria h discussed at length later in Sec. V. This model-evalu-
ation criterion is a function of squared-frequency error and the
degree of linear dependence of model mode shapes with the
actual functions.

The failure of the response of the current model to meet
monitoring criteria will trigger the model-identification pro-
cess. In general, if multiple criteria are used, or if special cases
(very noisy input, for instance) require consideration, a set of
decision-making rules should be created and implemented as a
higher-level control system, e.g., Astrom and Peterka1 or
Saridis.20

Control Formulation and Design
For controller formulation, it is assumed that a reduced-or-

der, discrete degree-of-freedom structural dynamic model is
provided by the identification program. For TVFS, these mod-
els are described by a finite set of ordinary differential equa-
tions of the form

ment and velocity sensors, respectively. The total actuator
force is assumed to be provided by M point actuators:

Mutt(x,t) + Vut(x,t) + Ku(x,t) = f ( x , t ) (8)

where M, V, K are mass, damping, and stiffness matrices,
respectively, of order TV. Displacements and velocities are as-
sumed to be measured by point sensors:

y = C*u+D*ut (9)

with C*,D* reflecting the number and location of P displace-

M

F(x,t) = £ -*/)//(*) (10)

where 5 is a Dirac delta function and/ is the actuator force at
X=Xj.

The eigenvalues and eigenvectors of Eq. (8) are found as
by-product of identification, or else by modal analysis. Using
the eigenvectors as a linear transformation matrix

u =

for which

= 2fA1/ (12)

where / is the identity matrix, A is the diagonal eigenvalue
matrix, and f are damping coefficients. From Eqs. (8), (9),
and (12).

Iqn

In state form, the Eqs. (13) become

zt = Az + Bf

y = Cz

where

B = *r

(13a)

(13b)

(14a)

(14b)

(15a)

(15b)

(15c)

In this manner, a structural dynamics model of discrete
degrees of freedom produced by the model-identification pro-
cedure, as given in Eq. (8), is used to produce a new controller,
subject to the calculation of optimal feedback gains. Since the
initial structural dynamics model produced by the identifica-
tion procedure may be of high order, model reduction may be
necessary prior to the use of Eq. (8). It is to be noted that A and
$ are calculated from the identified model, whose order is
independent of the number of modes used in identification.
Hence, A and $ are obtained from a large-order model even
though only one or two observed modes might actually be used
for identification and feedback.

Given that large, flexible structures are in fact distributed-
parameter systems, the use of a relatively low-order discrete
model may lead to spillover problems due to the residual
modes.21'22 It is not the purpose of this paper to discuss the
methods proposed to alleviate this problem, so the high-order
residual modes will be ignored for the sake of simplicity. It is
expected that CMR could be used with another method of
flexible structure control, such as IMSC,23 if desired. Instead,
a method of optimal output feedback will be used, and a
deterministic system assumed, to demonstrate this approach to
adaptivity,

Given p sensors and m actuators, the control law will be of
the form / = — Gy, where G is the m x p gain matrix. The
elements of G are chosen to minimize the expectation of an



538 HANAGUD, GLASS, AND CALISE J. GUIDANCE

integral quadratic performance index of control effort and
state:

(zTQz+fTRf)dt (16)

where the weighting matrices Qand R are respectively nonneg-
ative and positive definite, and Q is chosen specifically as

-
2 0 7

(17)

so that the first term of Eq. (20) is the plant energy E = zTQz>
as discussed by Balas.^1 Other values of Q may also be used.
The expectation is taken over an assumed distribution on the
initial state ZQ.

E[zQ} =0, (18)

A convergent numerical method for calculating the optimal
output feedback gain matrix is given by Moerdef and Calise.11

These gains are then calculated on demand (subject to compu-
tational limitations) for newly identified boundary conditions
arid parameter sets. Given that R contains a finite number of
model forms, some computational time savings may be real-
ized by precomputing these gains for common model form-pa-
rameter set combinations and storing the gains in the appropri-
ate model object.

TV. Convergence Analysis
Since the identification loop of CMR uses plant frequencies

and mode shapes as input, ideally the identification process is
not coupled to the current control design. In practice, a given
control design may tend to excite actuator dynamics more than
others, which might add noise to the observed frequencies and
mode shapes. Assuming that these control design-particular
effects are small, then identification and control design may be
treated as sequential processes in the adaptive loop. Demon-
strating convergence of this loop requires the convergence of
its component processes.

The linear optimal output feedback control-design proce-
dure used in this paper has previously been shown by Moerder
and Calise11 to converge to a local minimum for input models
whose system dynamics can be stabilized by output feedback
(see Sec. VI for an example). Hence,, the convergence of the
adaptive process depends on the convergence of the identifica-
tion process. Since an initial set of parameters is assumed to
generate model responses, an analysis of identification conver-
gence must demonstrate both that model convergence occurs
and that the correct model is identified if parameter error is
bounded.

m = 1

m = 1

fc =

h(/c,m) = model response

Definitions
Consider a search tree that represents a model space R such

as shown in Fig. 3. For some set of parameters 0/, a model in
R is /u(&,ra), and the analytical response of this model is
H(k,m, 0/). In this notation, k refers to the search level and m
is an index on that level. A measured response of the plant Hm

is assumed to be available, so a heuristic model evaluation
function can be defined as

The true model is defined as follows:

(19)

(20)

where (~~) pertains to the true model and ( )m_is a measured
quantity. The true model with its parameter set 0 is assumed to
be in the model space R. The quantities k and m are assumed
to be the locations of the true model. A true identified model
is identified with less restriction as

J(k,m, ~Bi ,

J(k,m, 0/,/ for

(21a)

(21b)

A bound on the true identified parameter set is defined as
10 — 0/1 < d. In order to start the iteration, a parameter set is
guessed. It is assumed that the guess is a good guess. Then,
Si = 6 + MI . It is assumed that I A0/ [<db.

Consider the separation between models on a given level k of
a search tree, such as shown in Fig. 4. The difference in the
heuristic evaluation function J between two models ju(&,ra)
and in(k,m + 1) is defined as

Ah(k,m,k,m + 1) = \J(k,m,6i) -J(k,m + 1,0,) I (22)

Recall that the model search tree in this paper is defined such
that each model includes itself in the set of its children at the
next lower search level. In a tree of this type, the assumption
of a well-ordered search tree, such that differences in the re-
sponse Ah diminish with increasing k, can be shown15'18 to be
a sufficient condition, given accurate parameters, for selection
of the true model by best-first search. In a well-ordered search
tree, the largest value of J at a given level k + 1 is no greater
than the smallest J at a previous level k, i.e.,

(23)

For all models in a well-ordered search tree, it follows that the
smallest model separation A/z * is found on the bottom level,
kB:

(24)

where ()* denotes the lowest value at a given search level.
Since each model includes itself in the set of its children, if the

Structure (Beam)

PinFree Cantilever SprgFree Supported Spring-
Supported

Clsupp ClMass Clfree SMass SFree SMassLg

Fig. 3 A model search tree. Fig. 4 A model space containing simple beam models.
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model evaluation function Jis chosen to satisfy Eqs. (23) and
(24) for a well-ordered search tree, it is possible to show that
the best value of J decreases monotonically as k increases, i.e.,

Lemma 1. In a given well-ordered search tree, Ah bounds the
allowable evaluation error e.

Since a model's response H(k,m,0i) must be the closest to
Hm to be selected,

(25)

where A h is the least Ah adjacent to the identified model. It is
possible that the identified model might have the smallest Ah,
so an error bound,

A/1*
2 (26)

insures that any model satisfying e is closest to the actual
system, in terms of J.

Lemma 2. Upper and lower bounds for R in R exist, where R
is the space of all possible models and R is the selected model
space.

The heuristic evaluation function J orders R by generating a
value of each member model, hence it orders R also. Since
(R,7) is an ordered set, and R is a non-null, finite subset of the
denumerably infinite set R, upper and lower bounds for R in
R are definable,24 i.e.,

* JV) ̂  J(fjL2)} (27)

Lemma 3. R is a closed set.
By the definition of R as a fixed, finite subset, RD7?, R

must be a closed set.

Lemma 4. For given measured inputs, an optimal model p*
exists in R.

Since the search heuristic J(jjL,6) orders R for given parame-
ters 0,, by the principle of the least number,24 there exists
(J(p*90)\n*€R} such that

(28)

Theorem 1. The heuristic search model-identification algorithm
is convergent when R is represented as a well-ordered search
tree.

From Lemmas 2 and 3, R is closed and bounded. Since the
heuristic evaluation function h is monotonic in a well-ordered
R, the sequence of values chosen by best-first search at succes-
sive levels

J*(k)>J*(k + 1) > J*(k + 2) > - > J*(NS) (29)

is convergent, where Ns is the number of levels of abstraction
in the search tree. From Lemma 4, the value upon convergence
will be J*(jjL*(k,m),ei).

The model-identification process, using best-first search in
well-ordered search spaces, has been shown to converge to
some model given a parameter set 0/. However, this conver-
gence by itself says only that the best model is selected for a
given 0/, not necessarily the true identified model. For suffi-
ciently large parameter set error A0, some incorrect model
n(k,m) might appear better than the true model n(k,m), in
terms

Lemma 5. For an incorrect model to be selected,

4ii<e*m, for some 0, (30)

Suppose an incorrect model n(k,m) were selected due to a
parameter set error A0/. Then, to be selected,

(31)

(32)

but, to be the incorrect model,

J(k,m,6)=7km>e

Hence, for an incorrect model to be selected,

Assumption. The search heuristic J for 0/ can be expressed as

dJ
J(k,m, Bt) = J(k,m, 0) + — A0, + - (34)00

if A0/ is assumed to be sufficiently small, i.e., I A0/ 1 <bb\ and,
if it is possible to neglect to higher-order differences (A02, A03,
etc.)

dJ\— = hm
/, A0,-0 i

Since 7(0) is continuous, dJ/dO exists and is bounded:

— A0,=f l / , \ai\<a

(35)

(36)

Theorem 2. A sufficient condition exists for model convergence
to the true model, when the parameter set error is suitably
bounded by bb.

From the previous assumption regarding J, for small <5 it is
possible to use Eqs. (34) and (36):

ekm ~ ekm ~ '#

From Eq. (32) in Lemma 5,

e(m > e + Oi

(37)

(38)

Recall also from Lemma 5 that for an incorrect model to be
selected due to A0;, it is necessary that

e'km <e

Therefore, substituting Eq. (38) into Eq. (31),

e>el
km >e + 0/,

(39)

(40)

If the bound on the parameter error, d> I A 0 / 1 , is chosen such
that

8J
-A0,.^ (41)

for all models, then Eq. (40) is contradicted, and Eq. (41) is
sufficient to insure that an incorrect model cannot be selected.

Lemma 6. For J, 0 satisfying Theorem 2, in general
Jr(A:r,AW5,0/,//w)>e, where e is some bound.

Recall from Eq. (20) that the true model with true parame-
ters is defined as

J(k,m,6,Hm) = e— =0

The true identified model was defined as

J(k,m, 0/,//"0 = 4m > e, for

(42)

(43a)

(43b)
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for e>0 and k ^k,m?±m. Bounds were defined on the pa-
rameter error: 10-0/1 <6,0/=0 + A0/. If J(kr,mstdj,Hm)<e, it
is also possible to assume an expansion on 0, as shown previ-
ously in Eq. (34):

Q T

J(k,m,0,) = J(k,m,0) + — A0/ + -<e, H.O.T. negligible06
(44)

From the model space definition,

where ers>Q. Then, substituting in Eq. (44),

SdJ\

(45)

(46)

Consider two cases:
Case (a):

- 0, then ers < 0 is a contradiction (47a)

Case(b):

Iff — J ^ 0, then consider f — J (0, - 0/) = grs > 0 (47b)

similar to the relation in Eq. (41) in Theorem 2. Then
ers+£rs<0, which is also a contradiction. Hence, in general
J(kr,ms,Oj,Hm)>e.

Lemma_ 7. For /, 0 satisfying Theorem 2, the true model error

Expanding again,

f'dJ\J(k,m,Ok,Hm) = J(k,m,09Hm) + ( — ) (0-0*)+ -(H.O.T)

(48)

by the definition of the true model given in Eqs. (20) and (42).
From inspection of Eq. (48), it may be observed that if

then J(k, m, Ok ,Hm) = 0 < e

Or, if

dJ

(49)

(50)

Since 19-0* I is bounded by 6, then Eq. (50) effectively im-
parts a bound on the alowable d in terms of the convergence
bound e.

Theorem 3. For 7,0 satisfying Theorem 2, only the true model
error is less than the convergence bound e.

From Lemma 6, in general for k^ k, m^ in, then
J(k,m_,6j,Hm)>e. However, given k, m, then from Lemma 7,
J(Jc, in, Ok,Hm)<e.

Corollary 1. If Lemma 7 is satisfied by a model when that model
is the true model, then Eq. (41) will be satisfied in general for
that model provided that bb is sufficiently small.

Let it'(k',m') be an arbitrary model, with 0' as its true param-
eter set. When // is the true model,

(51a)

or

>0 (51b)

Suppose JLI' is not the true model. For the true model (k ^ k',
in ̂  m'),

\6i~~d\<db (52)

also, so for small 5f t, then 0' and 0 are close; it can therefore
be said that

>0

holds, despite 0' * 0, if Eqs. (51) are true.

(53)

Corollary 2. d which satisfies Theorem 2 is finite.
If d were not finite, then I A 0 / 1 =>oo, and for the true model

(54)

which violates Lemma 7. Therefore, d which satisfies Theorem
2 is finite. Specific values of d which satisfy Theorem 2 will
depend on the chosen form of J(k,m, 0 + A0/).

Assumption. Parameter identification is assumed to produce a
new parameter set estimate 0/+1 ,_when furnished the true
model and previous parameter set ji,0/, such that

> I A 0 N I

MCKID19 is one such parameter-identification method.

(55)

Corollary 3. Cycles of model and parameter identification will
converge to the true model and parameter set, for initial pa-
rameter error and J chosen to satisfy Theorem 2.

This follows directly from Eq. (55) and Theorem 2. If the
initial parameter set error A00 satisfies Lemma 7, the true
model will be returned. Given the true model and initial pa-
rameter set, from Eq. (55), parameter identification will pro-
duce a 0/ such that e > IA001 > IA0! I . When fed back to model
identification, A0j then also satisfies Theorem 2. Further itera-
tions of model and parameter identification, from Eq. (55),
must produce progressively smaller parameter set errors as
well as the identity of the true model.

V. Class of Heuristic Model Evaluation Functions
One example of a model evaluation function can be in the

following form:

NM Ir = V* \ a Cw — u"h L ' ' (56)

where NM is the number of modes used, a and b are weights,
and co and $ are the natural frequency and mode shape, respec-
tively. According to the assumption

J(k,m,0,Hm) = (57)
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then it follows from Eq. (56) that, ideally,

Then,

A0

df

(58a)

(58b)

(59a)

(59b)

where A0, = 10, - 01. Terms of the order of A02 are not present
in Eq. (59) because of the assumption of the available good
guess of 0, and I A 0 I <5b. Then,

(60)
From Eqs. (59) and (60),

I IT* Ae} = £ f 2a,(«/-
L^ J^ #L

(61)

„ FLEXIBLE MEMBER

„ JOINT ANGLE SENSOR

STRAIN GAGES

SIDE VIEW

Fig. 5 Flexible single-link manipulator used for verifying ''actual"
TVFS models.
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Fig. 6 Example of model identification and parameter identification
vs parameter identification only.

Since Eq. (61) satisfies Eq. (41) for any true model in R, then
by Corollary 1, Theorem 2 is satisfied by this example of J.

VI. Numerical Example
The TVFS example used in this paper was based on varia-

tions of simple beam configurations, such as might occur to a
robot manipulator link with a locking motor at its joint. Pos-
sible configurations, with or without added mass (payload),
are given in the search tree shown in Fig. 4. A series of data
packets consisting of the beam's first natural frequency and
mode shape was furnished to the program, which in turn trig-
gered model and then parameter identification. The input fre-
quency and mode-shape data was corrupted with 10% noise.
After one cycle of identification, the mass, stiffness, and
damping matrices associated with the identified model were
then reformulated in state form.

The initial model specified was that of a cantilever. For
comparison, this initial model was also the a priori model form
assumed for a conventional explicit self-tuning regulator
(EST) that used parameter identification alone in its adaptive
loop. The initial model was also used to design a fixed optimal
controller. Both the CMR, EST, and fixed-control procedures
incorporated the same control-design method of Moerder and
Calise. For these examples, the CMR adaptive loop used only
one pass through identification.

Four successive structural-identity changes were considered
in the SISO example, e.g., from an initial cantilever model, to
a cantilever with a tip point mass, a clamped-free beam, and
then a simply supported beam. In terms of the physical system,
these would roughly correspond to an added pay load, forcible
contact with a surface, and freely resting (unlocked joint)
against a lower surface.

A five-degree-of-freedom structural dynamic model was
produced by the identification program, with associated eigen-
values and eigenvectors, for the cantilever and load-cantilever
models. The clamped-supported and simply supported models
were identified as fourth-order models, due to the added con-
straint at X = L.

Both MIMO and SISO examples were considered. The "ac-
tual" model was obtained for each structure from a large-scale
GTSTRUDL25 finite-element model. Some of these large-scale
models were experimentally verified by tests on a robotic struc-
ture shown in Fig. 5, which is discussed also in a paper by

Damped Structure

Mean
Gain
Elt. Error
(% of
ideal)

16D — notintf

11D 12D 13D 14D 15D 16D
CIFree CIMass Clsupp SFree SMass CISprg

Model Changes

Fig. 7 Comparison of mean gain errors for damped-model changes,
for optimal gains found by both CMP and EST.
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Table 1 Comparison of gains for the MIMO
damped loaded-cantilever example (12D), with moment feedback

Adaptive method
G

gn
g!2
g21
g22

CMR
-1.3934E-3

3.9312E-5
-1.5569E-4
-2.3276E-4

EST
-2.1064E-2

1.2093E-2
1.0210E-2

-6.0798E-3

Fixed
-8.1915E-4
-4.8156E-5

2.6592E-4
-1.5307E-4

Table 3 Comparison of closed-loop damping ratios for the
MIMO damped loaded-cantilever example (12D, f =0.005),

with moment feedback

Order
1
2
3
4
5

Uncontrolled
structure
0.00500

—
0.00500

—
0.00500

TCL

CMR
0.00828
1.0
0.11484
1.0
0.13312

EST Fixed
(unstable) 0.00134

1.0
0.08207
1.0
0.13338

Table 2 Comparison of closed-loop eigenvalues for the MIMO damped
loaded-cantilever example (12D), with moment feedback

Order
1
2
3
4
5

CMR
-0.1313E-1 ±0.1585E1
-0.2728E2 +0.0
-0.9703E1 ±0.839332
- 0.203 1E3 +0.0
-0.6334E2 ±0.4716E3

ACL
EST

-0.1462 +0.0
0.2537E2 + 0.0
0.5662E2 + 0.0
0.8136E2 + 0.0

-0.5004E1 ±0.1004E3

Fixed
-0.2119E-2±0.1584E1
-0.4468 +0.0
-0.6583E1 ±0.7994E2
-0.3554E3 +0.0
-0.6224E2 ±0.4624E3

C L M A S S , U N C O N T R O L L E D CLV1ASS, F I X E D C O N T R O L

1 2 3 4

T I M E (X10- - -1 )

Fig. 8 Time plot of tip velocity of 12D, uncontrolled.

Hastings and Book.26 A comparison of mean model-parameter
errors for both CMR and EST identification processes, given
in Fig. 6, provides a cross reference for model errors.

In the MIMO example, the changes in structural identity
described for the SISO case resulted in comparable differences
in the gain matrices obtained by each method. These matrices
are compared in Fig. 7 for CMR and EST gain errors. The
mean gain error values given are calculated with respect to the
optimal gains obtained for the actual model:

ggl(g/,-g/,)
/= 1.7=1

(62)

where gy is an element of the actual model's gain matrix, and
gij is an element of one of the other gain matrices.

Example Using Moment-Rate Feedback
Although the previous examples using linear displacement

and velocity feedback demonstrate an advantage for CMR
Fig. 9 Time and control input plots of tip velocity of 12D, with fixed
control.
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Fig. 10 Time and control input plots of tip velocity of 12D, with
parameter identification only.

(X10---1)

2

T I M E (x lO- ' - l )

Fig. 11 Time and control input plots of tip velocity of 12D, with
model identification.

over EST, the distinction is somewhat obscured by the poor
damping characteristics of this type of feedback. Another pos-
sible feedback approach uses instead the rate of change of the
moment of the beam, which can be related to the curvature of
the beam via the moment-curvature relation. Feedback ap-
proaches of this type, e.g., Hanagud, Obal, and Calise,27 mea-
sure the output in terms of the difference over a given sensor
length of the time rate of change in the curvature, or

(63)

where P is a constant coefficient, y\ is they th output state, and
\Xi — Jt/_i I is the length of the sensor. Defining the state vari-
ables as

Z T = ( O l 9 . . . 9 0 H ; O t l , . . . 9 e - t \ (64)

it is possible to reduce Eq. (8) to Eq. (14), but with parameters
defined as

A =
o /
-1-Mr Kr -M

C = [0 A,]

B =

(65)

where ( ) r denotes a reduced mass, stiffness, or damping matrix
for which the translational degrees of freedom have been re-

moved by a suitable condensation method, and KD and Ks are
sensor and actuator parameter matrices.

A control example was made using this feedback approach
with the MIMO damped loaded-cantilever example. Optimal
control gains were obtained just as described in the previous
chapter, except that the diagonal elements of the weighting
matrix Q were selected to be inversely proportional to the
square of the eigenvalues. As shown in Tables 1-3, the gains,
closed-loop eigenvalues, and damping ratios of CMR, EST,
and a fixed optimal control also indicate an advantage for
CMR, but with the differences increased. Note that the use of
parameter identification only (EST) resulted in an unstable
closed-loop system for this selected example, due to large gains
that were due in turn to a widespread reduction in model
stiffness values by the parameter-identification algorithm. The
large advantage of CMR in damping and stability is also
shown in time plots of tip velocity and control input (Figs.
8-11). Note that the control input plots refer to values at the
second (outer) sensor-actuator location, and that the EST time
plots differ in scale from the others due to an
instability.

VII. Conclusions
An adaptive-control technique for discontinuously time-

varying structures has been developed, using both model iden-
tification and parameter identification to replace controllers
when large-scale discontinuous model changes Occur. This
method (CMR) has been demonstrated for a test problem of
controlling a beam for which boundary conditions change sud-
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dertly in time. A linear optimal output feedback approach was
used to design the controller, once a new model was identified.
For SISO and MIMO test problems, CMR followed the actual
model more closely than a comparable explicit self-tuning reg-
ulator (EST) that used only parameter identification, resulting
in better closed-loop poles, hence better stability arid perfor-
mance. Since large, flexible structures of interest may experi-
ence sudden model-structure changes, these results suggest
that the use of selected AI techniques may hold some promise
for certain identification and control problems. More research
will be needed to firmly establish the direct applicability of
CMR to current problems with time-varying boundary condi-
tions, such as identification and control of large-scale space
structures with siriooth sensors and actuators. The use of
heuristic search and object-oriented programming in model
identification is an example of the use of AI methods for
control problems.
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