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Abstract

Efficient algorithms are developed for the model reduction of large scale uncertain systems. The polynomial-
time algorithms rely primarily on well-conditioned singular value decomposition computations, and allow
robustness stability and performance margins to be computed for uncertain systems of high dimensionality.
Application to a realistic description of a large scale paper machine control system demonstrates the utility of
the algorithms. © 1998 Elsevier Science Ltd. All rights reserved
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1. Introduction

It is impossible to generate highly accurate phe-
nomenological models for industrial-scale processes
because of inaccurate values for the physical para-
meters of the process, and lack of complete under-
standing of the underlying physical phenomena (for
example, during polymerization, crystallization, and
drying). This necessitates the identification of a pro-
cess model from input—output data collected during
process operations. The quantity of this data is usu-
ally limited however, since data collection for an
industrial-scale process is expensive and time consum-
ing. The quality of this data is deteriorated by noise,
unknown disturbances, and imperfectly operating
equipment (e.g. stiction and clogging in valves). The
limited quality and quantity of input-output data
ensures that the identified model will not be an exact
representation of the true process. It was recognized
in the late 1970s that ignoring model inaccuracies
could lead to poor performance or instability
(Brosilow, 1979; Morari and Zafriou, 1989; Palmor
and Shinnar, 1981; Skogestad and Postlethwaite,
1996).

Robustness analysis consists of testing whether
a given controller provides the desired performance
for all potential model parameter variations. The
function, u, is a nonconservative measure for ana-
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lyzing system robustness (Doyle, 1982; Safonov, 1982),
and is a direct generalization of the concept of the gain
margin taught to engineers in their undergraduate
process controls course (Ogunnaike and Ray, 1994;
Seborg et al., 1989; Stephanopoulos, 1983).

Large scale systems have large numbers of inputs
and outputs, and include whole chemical plants as
well as some unit operations, such as paper machines,
polymer film extruders, and adhesive coaters (Braatz,
1997). The importance of ensuring robustness of the
closed loop system to model uncertainties increases as
the process dimensionality increases (Featherstone
and Braatz, 1997; Braatz, 1997); hence developing
algorithms for computing robustness margins for
large scale systems is of immense practical import-
ance. This explains why researchers have spent many
man-centuries working to derive efficient numerical
algorithms for computing robustness margins (a man-
century refers to one man working 40 hours per week
for one century) (Bartlett et al., 1989; Beck and Doyle,
1992; Boyd et al., 1994; Chiang and Safonov, 1992;
Daniel et al., 1986; de Gaston and Safonov, 1988; Fan
et al, 1991; Kharitonov, 1978; Kouvaritakis and
Latchman, 1985a,b; Latchman, 1988; Newlin and
Young, 1992; Pena and Sideris, 1990; Sideris, 1990;
Sideris and Pena, 1989; Siljak, 1989; Tierno and
Young, 1992; Young and Doyle, 1990).

Computational complexity theory provides an
approach for determining the level of accuracy and
computational speed that are obtainable by algo-
rithms for computing robustness margins, and as to
which classes of algorithms may provide practical
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robustness margin computation for large scale
systems (Braatz et al., 1993). One of the main goals
of computational complexity theory is to classify
computational problems as being polynomial-time or
NP-hard. A computational problem is polynomial-
time if the time needed to solve the problem is
bounded by a fixed function that is polynomial in the
quantity of data needed to define the problem. Exam-
ples of polynomial-time problems are linear programs,
matrix inversion, and gain margin computation.
Although the exact consequences of a problem being
NP-hard is still a fundamental open question in the
theory of computational complexity (Garey and Joh-
nson, 1983; Papadimitriou and Steiglitz, 1982), it is
generally accepted that a problem being NP-hard
means that it cannot be solved in polynomial time in
the worst case.

{
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by 0,. Given a vector (ry, ... ,r;) with Z::1 r; = n, the
perturbations which may occur at different locations
in the system are collected in the block-diagonal
matrix A

A = {dlag{éilni e ,6;1,,(,(5)61*.11,,“‘, ’6(‘"‘1’”"
Apirs A0 € R, 07 €6,0,€6™7" ], (2)

and the system is arranged to match the diagram in
Fig. 1. The block structure refers to the vector
(ry, ... .r). The nominal system M in Fig. 1 is deter-
mined by the nominal model, the size and nature of
the uncertainty, the performance specifications, and
the controller. Off-the-shelf programs construct
M and the structure of A directly from the system
description (Balas et al., 1992; Chiang and Safonov,
1992; Russell and Braatz, 1996a, b).

The structured singular value g, (M) is defined as

0 if there does not exist AeA

pa(M) =

AcA

Braatz et al. (1993) have shown that exact y-compu-
tation is NP-hard. Braatz (1996) has shown that even
approximating u within an a priori chosen tolerance is
an NP-hard problem. The u computation scales very
poorly as the size of the problem increases. This moti-
vates the development of polynomial-time algorithms
for reducing the dimension of large scale uncertain
systems, before applying u-computation to the system
to analyze its robustness. Algorithms are developed
that can reduce the dimension of uncertain systems by
orders of magnitude, which allows robustness margin
computation to be practically performed for uncertain
systems with much larger dimensionality. The theor-
etical implications of the algorithms are explored, and
the algorithms are applied to the computation of
robustness margins for some large scale systems.

2. Mathematical nomenclature

Doyle (1982) and Safonov (1982) derived the struc-
tured singular value, g, to test for the robustness of
uncertain systems. To calculate u the uncertainty (the
set of possible plants) must be modeled as norm
bounded perturbations A; on the nominal system
M (see Fig. 1). Through weights each perturbation is
normalized to be of size one

lAill. =supa(A) < 1, (N

where 6(A;) is the maximum singular value of matrix
A;. The perturbation A, is complex for representing
unmodeled dynamics, and real for representing para-
metric uncertainty. The set of real numbers will be
denoted by #, the set of complex numbers by %, the
r x r identity matrix by I,, and the r x r matrix of zeros

such that det(l — MA) =0,
-1
<min {a(A)|det(I — MA) = 0}) otherwise.

Without loss of generality we have taken M and each
subblock of A to be square. The time required to
either approximately or exactly compute u grows rap-
idly as the dimensions of M and A increase. The
following section presents an exact algorithm that
reduces the dimension of the M and A matrices in
a manner that does not affect the value of g.

3. Exact model reduction algorithm

The exact model reduction (EMR) algorithm is
listed in Table 1. The following theorem states that the
reduced model produced by the EMR algorithm has
the same robustness margin as the original model
(proof in appendix).

Theorem 1 (Exact model reduction). Let M e €"*"
and A€ A where A is defined in equation (2). Then
ua(M) = pz(M), where A corresponds to the block-
structure ¥ = (Fy, ... ,F;) and M and F are obtained by
performing the EMR algorithm (in Table 1).

Theorem 1 implies that a method for computing the
robustness margin u for a large scale uncertain system
described by M and A is to first apply the EMR

M

Fig. 1. System arrangement for calculating u,(M)
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Table 1. Exact model reduction (EMR) algorithm
Step 1. Perform a singular value decomposition on M to obtain
M=Y wol. (*)
i=1
Eliminate the terms of equation () corresponding to ¢; = 0 to obtain
H
(v, [v
M=|:|Z = UzVH (ve)
v

where U; and V,; are r, x r matrices and X = diag(s,, ... ,6,) where r is the rank of M.

Step 2: Let W! = (UY)" where U" is the unitary outer rotation matrix of the singular value decomposition of U;, and let
W} = (UV)" where U"" is the unitary outer rotation matrix of the singular value decomposition of V;. Row reduce each of
the U, and V, matrices so that their last r; — rf and r; — r} rows contain only zeros by premultiplying U; and ¥; by W/ and
W/ . respectively. Now, construct WV = blockdiag(W{, ..., W) and W" = blockdiag(W7Y, ... ,W}).

Step 3. Let 7; = max{r’,r!} and U, and V, be the F; x r matrices consisting of the first 7, rows W U; and W[V, respectively.

Let

O
L

Vi

and V =

Vi

Step 4: Let WY and W] be the 7; x r matrices consisting of the first 7; rows of W[ and W/, respectively.

Step 5. Define WV =blockdiag (W{, ..., W5 I, ..

..,I;) and WV = blockdiag(W}{, ... WY, I, ,...I) Let
M = USVEWY (W V)" which is a /i x i matrix where i=Y!_ F,

i=1

Fi.

algorithm to compute an equivalent uncertain system
with lower dimension matrices (M and A), and then
compute u for the lower dimension uncertain system.
The EMR algorithm is stated and proved as an exact
algorithm because the theoretical results in Section
5 will require this. Due to roundoff errors, the robust-
ness margins for the original and reduced dimension
uncertain systems will not be exactly equal. However,
each step of the algorithm is very well conditioned, so
that the difference between the robustness margins for
the original and reduced dimension systems is negli-
gible. This is supported by theoretical results in Sec-
tion 4 and has been tested extensively using random
matrices (some typical results are presented in
Example 2 of Section 7).

It is sometimes of interest to compute perturbations
of minimum magnitude that destabilize the uncertain
system (i.e, a A that achieves the minimum in equa-
tion (3)). A control engineer may use this information
to judge the likelihood that such parameter values
would occur in practice. Off-the-shelf software applied
to the computation of p for the uncertain system
of reduced dimension M provides as output a destabi-
lizing perturbation of minimum magnitude A. To
construct a destabilizing perturbation of minimum
magnitude A for the original system M, sequentially
add row and column vectors of zeros to A correspond-
ing to the row numbers removed in WVU and W'V
in Step 3 of the EMR algorithm.

Theoretical bounds derived in Section 5 indicate
that applying the EMR algorithm before performing

u-computation can substantially reduce the computa-
tional expense associated with robustness margin
computation. The speedup provided by the EMR
algorithm will be illustrated by application to a large
scale paper machine control system in Example 1 of
Section 7. Another important consideration in robust-
ness margin computation that was discussed above
concerns accuracy. Since smaller matrices result in
better numerical conditioning during p-computation
(this was demonstrated using extensive simulations in
Chapter 6 of Young (1993)), tighter bounds on the
u-values can be obtained by performing the EMR
algorithm. This potential for improved accuracy in
robustness margin computation is illustrated in
Example 2 of Section 7.

In the EMR algorithm, rank deficiency of the
matrix M and row rank deficiecies of U; and V; allow
the dimensions of the y-problem to be reduced. If
there are no rank deficiencies in both Steps 1 and 3, no
reduction in dimension will occur. In the instances
where the EMR does not reduce the dimension suffi-
ciently, the algorithm described in the next section
may provide an uncertain system of even lower di-
mension that has approximately the same robustness
margin as the original system.

4. Approximate model reduction algorithm

The strategy behind the EMR algorithm is to delete
subspaces of M, U;, and V; that do not affect the value
of the robustness margin. The approximate model
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reduction (AMR) algorithm in Table 2 deletes subspa-
ces of M, U,, and V; that have a very small effect on
the value of the determinant given in the definition of
U (see equation (3)).

Given the computational complexity in computing
u exactly, it is just as difficult to compute the exact
difference between the actual u-values and the u-
values obtained by performing the AMR algorithm.
However, this difference is reduced by removing only
subspaces associated with singular values that are
nearly zero.

In practice, u-values are not computed directly, but
rather the upper and lower bounds are computed.
When the perturbations are complex, many of the
norm and eigenvalue perturbation theorems (Golub
and van Loan, 1983; Stewart and Sun, 1990) can be
extended to provide estimates of the error between the
actual u-values and the u-values obtained by perform-
ing the AMR algorithm. The extensions to these the-
orems are more conservative, due to the fact that
optimizations are used in the computation of the
lower and upper bounds for u. For brevity, only the
most useful of these conditions will be provided here.

Theorem 2 bounds the error caused by arbitrarily
perturbing an M matrix (this is stated as a separate
result as it may be of independent interest), while
Corollary 1 applies Theorem 2 to place an upper
bound on the error induced by the AMR algorithm
(proofs in appendix).

Theorem 2. (u-Upper bound perturbation theorem).
Let M, E€¥"*" and A€ A, where A contains the
block-structure for complex blocks only (r=
(re+1, ... +17)) as defined in equation (2). Then, the upper
bound for us(M) is calculated and defined by

iy(M) = inf 6(DMD ") 4

where the set & has the structure

2= {diag{Dk+la 3Dm’dm+llrm‘v adllr,}
|die #:d; > 0;D; e €"*";D; = DF > 0}. (5)

Assume the infima in equation (4) is achieved for
fs(M)and ,(M + E). Then the folowing inequalities

apply
Ba(M + E) — G((D**)E(D**)™ ") < ia(M)
< fa(M + E) + 6((D*)E(D*)™ 1), (6)

Table 2. Approximate model reduction (AMR) algorithm
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Aa(M + E) — k(D**)G(E) < iia(M)
< fin(M + E) + x(D*)6(E), (7

where k(D) = 6(D)é(D '), D* = argmin ., 6(D(M +
E)D™'), and D** = argminy.,d(DMD ™).

Corollary 1 (Approximate model reduction). Define
M, A, r, i, and 2 as in Theorem 2, with the additional
assumption that all of the uncertainties in A are full
block. Let the SVD of M =U, L. VH v U_x_v¥,
where X _ contains only those singular values set equal
to zero by Madification 1 of the AMR algorithm, the
matrices U, and V., contain only the singular vectors
corresponding to L., and the matrices U_ and
V_ contain only the singular vectors corresponding to
L. Lee WYU,=0,+0U, and VEWY)H =
VH + V" where U, and VY are the partsof WY U,
and V5 (WV\H, respectively, removed by Modification 2
of the AMR algorithm.

Let M and A be the reduced matrices computed from
the AMR algorithm, and Z be compatible with A.
Assume the infima in equation (4) are achieved for j1,(M)
and fiz(M), and define D** = argmin p., 6(DMD 1)
and D* = argmin ., 6(DMD™"). Then

ia(M) — G((D**)E(D**)" ') < ity (M)
< (M) — a((D*)E(D*) 1), (8)
fis(M) — k(D**)G(E) < fix(M)
< (M) + k(D*)G(E), 9)
apply with E given by
E=-WYH 0.2, Vi + 0, 2.7
+ U . VHwY —u_z ve (10

and D* corresponding to the block structure of A with
the scalar values (dp+ 1, ... ,d;) of D*.

Furthermore.
#a(M) — k(D**)(3G(M) + 6(Z ) < j1a(M)

< pa(M) + k(D*)(B6(M) +6(2-)). (1)

The objective of the AMR algorithm is to reduce
the size of the y-problem while minimizing the inac-

curacies in the u-value. The tolerances in the AMR
algorithm provide the trade-off between these two

Perform the EMR algorithm with the following two modifications:
Modification 1: In Step 1 of the EMR algorithm, set equal 10 zero the singular values of M that are below some predefined

tolerance.

Modification 2: In Step 2 of the EMR algorithm, set equal to zero the singular values of U; and ¥, that are below some

predefined tolerance and decrease r’ and r} accordingly.
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objectives, and Corollary | can be useful for choos-
ing the tolerance without solving the original u-prob-
lem. For instance, equation (11) provides an upper
bound on i (M) in terms of D*, which is obtained
directly from the output of the upper bound u-compu-
tation for the reduced M using the p-toolbox. Also
note that, when the infima are achieved, equations
(8) and (9) prove that the AMR algorithm is numer-
ically robust (that is, the p-value for the reduced
problem approaches the pu-value for the original prob-
lem as E goes to zero). The conservatism of the
bounds in Corollary 1 are illustrated in Example 2 of
Section 7.

There will always be dynamics in the real system at
very high frequencies that is not captured by the
nominal model. Real parameter uncertainties do not
completely capture such unmodeled dynamics, since
the use of real parameter uncertainties requires an
upper bound be placed on the number of states, and
this upper bound is never known in practice (for
example, how many states are precisely needed to
represent stiction in a valve?). This implies that uncer-
tain system representations should always include at
least one complex perturbation that enters non-
trivially in the closed loop system. For such systems,
Packard and Pandey (1993) have shown that the
robustness margin is a continuous function of the
elements of M. Deleting subspaces corresponding to
small singular values (as done in the EMR and AMR
algorithms) has a small effect on the elements of M,
and for problems where u is a continuous function of
M, has a small effect on the value of the robustness
margin. This argument, which can be stated rigorous-
ly in terms of ¢ — J statements (not given here for
brevity), implies that the EMR and AMR algorithms
are well-behaved model reduction techniques. This
conclusion has been confirmed by extensive testing on
both random matrices and descriptions of real sys-
tems (see Section 7 for examples).

5. Theoretical implications

Braatz et al. (1993) have shown that 4 computation
is NP-hard as a function of the dimension of the
uncertain system matrix M. For practical computa-
tional reasons, it is natural to wonder whether there is
a more natural parameter for which the computa-
tional complexity is a function of. For example, recent
results regarding the p-computation for systems with
rank-one M matrices (Chen et al., 1991; Young, 1993)
led John Doyle at Caltech to recently hypothesize that
the NP-hardness of u-computation may be more dir-
ectly related to the rank of M than the dimension of
M. Although we will not show that the NP-hardness
of u-computation is a function only of the rank of M,
we will show that the NP-hardness of y-computation
scales as a function of the rank of M muitiplied by the
number of perturbations.

Theorem 3 characterizes the computational com-
plexity of the EMR algorithm.
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Theorem 3 (Computational complexity of the EMR
algorithm). Let M € €"*" and A€ A where A is de-
fined in equation (2). The number of flops required by
the EMR algorithm is bounded by (26! + 12)n® —
(21 + 4)n?.

The off-the-shelf software commonly used for ro-
bustness margin computation computes upper and
lower bounds on yu (Balas er al., 1992; Chiang and
Safonov, 1992). The tightest polynomial-time-com-
putable upper bound on u of Me%"*" can be
formulated as a linear matrix inequality, whose com-
putation grows as @ (n*In(n)) (Boyd et al., 1994). To
the authors’ knowledge, there is no tighter bound on
u that can be computed with lower computational
expense as a function of the dimension of M. Theorem
3 indicates that the EMR algorithm is bounded by
a third-degree polynomial in the dimension of M (first
order in the number of uncertainty blocks). Thus the
overall computational expense of computing the
tightest polynomial-time upper bound on y can be
reduced by performing the EMR algorithm before
robustness margin computation. Typical speedups are
illustrated on several examples in Section 7.

Theorem 4 provides an upper bound on the dimen-
sion of the reduced svstem resulting from application
of the EMR algorithm.

Theorem 4 (Upper bound on dimension of reduced
system). The row (= column) dimension of M resulting
from applying the EMR algorithm to M e €"*" and
A € A (where A is defined in equation (2)) satisfies the
Sollowing inquality:

!
dimension(M) = Y 7 <!rank(M). (12)
i=1

Theorems 3 and 4 imply that the EMR algorithm
provides a polynomial-time transformation of a given
u-computation problem into an equivalent g-compu-
tation problem of dimension less than or equal to the
number of perturbation blocks multiplied by the rank
of M. This strongly suggests that y-computation
problems for uncertain systems described by M ma-
trices of low rank can be considered as being “easier”
than for systems with M matrices of full rank.

6. Comparison with previous work

Rivera and Morari (1987, 1990) developed methods
to reduce the number of plant or controller states,
with the overall objective being to aid in the design of
a low order robust controller. The objective of this
paper, to efficiently compute robustness margins for
systems with large numbers of inputs and outputs, is
completely different.

The only existing algorithm for the model reduction
of large scale systems with linear time-invariant un-
certainties was proposed by Fan and Tits (1986).
Their algorithm only applies to systems with complex
perturbations; whereas the new algorithm holds for
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both real and complex, and repeated and full
block uncertainties. The new algorithm reduces to
Fan and Tits’ when only non-repeated complex
uncertainties are considered (the weight in Table |
WY (WYY = I when there are only full block com-
plex uncertainties), while having significant modifica-
tions for real and repeated complex uncertainties. Our
method of proof (described in the appendix) is differ-
ent, and is more intuitive than that used by Fan and
Tits who used the numerical range formulation of the
robustness margin (Fan and Tits, 1986).

Beck et al. (Beck, 1994, Beck and Doyle, 1995;
Wang et al., 1991) have developed model reduction
techniques that hold for general noncommutative op-
erators. It is the opinion of the authors that their work
is seminal. However, it is expected that the extent of
dimensionality reduction achievable by their tech-
niques to systems with linear time-invariant uncer-
tainties (which are commutative) is limited. Also, their
algorithms are based on linear matrix inequalities,
whose solution is significantly more computationally
expensive than for our algorithms which only requires
a limited number of SVD calculations.

7. Examples

7.1. Example 1: Paper machine control system

Most paper machine models used for cross directional
controller design have the form (see (Laughlin et al.,
1993; Braatz, 1997, Braatz et al., 1996) for details)

P(s) = p(s)Pcp. (13)

where p(s) is a transfer function representing scalar
dynamics, and P.p is a static interaction matrix.
Most reported interaction matrices are Toeplitz
symmetric

P1 P2 Pm 0 0
P2 Pr P2 v Pm . .
: P2 P1 P2
Pop=|tr P O
O pn : . . P2 i Pm
' ' P2 P P2 :
Pm = P2 P1 P2
0 0 pn - P2 m
N ;

nxn

(14)

where m specifies the spatial extent of coupling across
the paper machine, and n is the number of actuators
and sensor lanes (most modern paper machines have
edge effects, and more sensor lanes than actuators, but
a further discussion of paper machine models would
be outside of the scope of this paper). For our nominal
model we will use the m = 10 interaction parameters
for a paper board machine model (Karlsson and
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Haglund, 1983):

pi=1 p;=09 pi=07 ps=08,
ps=1, pe=06 p,=—-0.5
ps= —04; pg=~02; po=-02. (15)

It will be assumed that there are 101 actuators
(n = 101). The nominal scalar dynamics are assumed
similar to those given by Laughlin et al. (1993)

(16)

where the time delay 6 = 1 and the open loop time
constant t = 1. Due to a low quantity of high quality
experimental data (Featherstone and Braatz, 19935),
nominal paper machine models always have a signifi-
cant amount of uncertainty associated with them. We
will model this uncertainty as being associated with
both the input and output of the process, i.e. the true
process is assumed to be an element of the set

(I + Wolo)P(s)I + W, A)), (17)

where the uncertainty weights are given by

055 +0.1

Wo=W,=— '~
¢ T 055 + 1

I,. (18)

Each uncertainty weight allows for steady state inac-
curacies of up to 10% and high frequency uncertain-
ties of 100%, with crossover frequencies of w, = 0.2
and Wy = 2.

It is well known to experts in paper machine con-
trols that the poor conditioning of paper machine
makes it impossible to control all n possible distur-
bance directions (Featherstone and Braatz, 1995;
Kjaer et al, 1994; Kristinsson and Dumont, 1996).
Researchers have proposed various methods to select
which directions to control, including methods based
on Gram polynomials (Kjaer er al., 1994; Kristinsson
and Dumont, 1996), splines (Halouskova et al., 1993),
and columns of the input rotation matrix of a singular
value decomposition of the interactions matrix
(Braatz and Featherstone, 19935; Featherstone and
Braatz, 1995, 1997). The robust controller design pro-
cedure of Braatz and VanAntwerp (Braatz and
VanAntwerp, 1996) results in the controller

K(s) = k(s)K¢p, (19)
where k(s) represent scalar dynamics given by
+1
ks) ==, (20)
As






