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Figure 6.18 Phase plane for the controller parameters in Example 6.13
when recursive lsast-squares estimation is used. {a) Trajectories of the as-
sociated ODE. (b) Realizations of the difference equations. The parameter

values corresponding to the minimum-variance controller are indicated by a
dot.

The closed-loop system is described by
_ (1+ecg(1+rg™)
") = T T g ) e (0 B oY)

_ —so{1 +cq™!)
u{e) = (1+ag Y1 +rig-1)+seg {1 + bg=1) e(t)

In this case,

pTe-1 = (we-2) ye-1] 6= (rn %)
and

£(f) = ¥t}

f(g') - [r)‘”{2}] G(é) _ [ ru(O) r;‘r"“(l]]
ry(l) rya(l)  ry(0)
where r (7], r.(7), and r,.(7} are the covariance functions of ¥ and « and the
cross-covariance between y and u.

The stationary point is given by f(#) = 0, which gives ryw{2) = 0 and
ry(1) = 0. This is exactly the result obtained in Theorem 4.1. Figure 6.18{a)
shows the phase plane of the ODE when recursive least-squares estimation
is used. The stationary point corresponds to the minimum-variance controller,
and the triangle indicates the stability boundary for the closed-loop system.
Figure 6.18(b) shows realizations of the estimates &, and 7#; when recursive
least-squares estimation has been used. The estimator is started with a very
small step size. The realizations agree very well with the trajectories of the
ODE. The ODEs have been simulated for 0 = ¢ = 50; 75,000 steps had to
be simulated for the difference equations in Fig. 6.18(hb}. A forgetting factor of
A = 0.99995 was necesgary to get close to the stationary point. ]
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EXAMPLE 6.14 Moving-average self-tuner
Consider an integrator with a time delay z. (Compare Example 4.6.) For the
time delay t < h the system is described by
Alg) =gqlq -1}
Blgy=(h—-t)g+T=(h-2)(g+b)=(h-1)B
Clg) = qlg +¢)

where .
b= - and le] =1
The system is minimum-phase, |§| < 1, when ¢ < 2/2. Moving-average con-
trollers of different orders will now be analyzed. {Compare Section 4.2.)
Case ] (d=1)

The minimum-variance strategy obtained through

AR + (h-7)B'S = B'C

giving
R{g)=q+b
1+¢
Slg) =39

is the only possibility to get a moving average of order zero. Since the process
zerois canceled, it is necessary for stability that the system be minimum-phase.
The characteristic equation of X in Eq. (6.83) is in this case

(A+n(z+lfm)=o

Since |b] and c| are both less than 1, it follows that the eigenvalues of K are
both negative.

Case 2 (d =2)

Since B is of first order and C is of second order, there are several possihbil-
ities to get an output that is a moving-average process. We get the following
combinations:

Case B+

2(a) g -+5 Minimum variance

2(by g+ b Deadbeat

2(c) 1 Moving average
To investigate the equilibria, first notice that Cases 2(a) and 2(b} can give
stable equilibria only if b < 1 (ie, 7 < h/2).

Case 2(a) corresponds to the minimum-variance controller. The character-

istic equation of the matrix K is

be
2 _ ¢ _ =
A i(b+c+l-bc)+1-—bc 0
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Figure 6.19 Simulation of the ODEs of the parameter estimates for the
integrator when ¢ = 2and ¢ = —0.8. {a) 7 = 04. (b) 7 = 0.6. The parameter
values corresponding to the moving-average controller are indicated by dots.

Since b is nonnegative, it follows that this equation has roots in the right half-
plane or at 1 = 0 for all ¢ in the interval {~1,1). The equilibrium is thus
always unstable.

In Case 2(b) the characteristic equation of the matrix X is given by

(A+eH1-be)+e'(1-5%) 1+¢?
clc —b)(1— be) A+ —

This equation has all roots in the left half-plane if b < ¢.
In Case 2(c), moving-average control, the characteristic equation is

AZ+2k(b-c)+btb—¢) =0

Since b is positive, it follows that this equation has its reots in the left half-
plane if & > ¢. Notice that the moving-average controller is locally stable for
b > ¢ even if A/2 < 1T < ki, that is, when the controlled process is non-
minimum-phase.

Summarizing, we find that if d = 1, there is only one equilibrium, which
corresponds to the minimum-variance control. This equilibrium is locally stable
only if 7 < £/2. When d = 2, there are three equilibria, corresponding to Cases
2(a), 2(b), and 2{c). Equilibrium 2(a) is always unstable; equilibrium 2(b) is
stable if b < ¢; and equilibrium 2{(c) is stable if & > c.

The phase portraits of the ODEs asgsociated with the algorithm are shown
in Fig. 6.19 for the case in which d = 2 and ¢ = -0.8. When 7 = 0.4, there
are three equilibria. They correspond to Case 2(a), which is a saddle point,
Case 2(b), which is an unstable focus, and Case 2(c¢), which is a stable node.
The stable node corresponds to the moving-average controller. The parameters
are r; = 0.08 and s; = 0.20. For 7 = 0.6 there is only one equilibrium, which
corresponds to the moving-average controller with the paramelers r| = 0.12
and 5; = 0.20. Figure 6.19 also shows thai starting points exist for which the
algorithm does not converge. The estimates are driven toward the stability
boundary. o

-b
CA+1=0
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The examples show how it iz possible to use the associated ODE both to
analyze the system and to get a feel for the behavior close to the stationary
points as well ag far away from them.

EXAMPLE 615  Local instability of a minimum-variance STR
Consider a process described by

¥{t) — 1.6y(¢ - 1) — 0.75%{t — 2)
= uit - 1) +ul(t —2)+ 09u(t — 3) +e(t) + Lhelt — 1) + 0.76e(t — 2)
The B polynomial has zeros at

z12 = —0.50% 081

Furthermore,
Clz1g) = —0.40 £ 0.40i

The real part of C is thus negative at the zeros of B. This implies that
the parameters corresponding to minimum-variance control make an unstable
equilibrium for the ODEs. Furthermore, it follows from Theorem 4.2 that these
parameter values are the only possible equilibrium point for the parameters.
The following heuristic argument indicates that the estimates are bounded:

T T T
0 500 10040 1500 2000
Time

Figure 6.20 The parameter estimates when a self-tuning controller is used
on the process in Example 6.15. The dashed lines correspond to the optimal
minimum-variance controller.
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If the parameters are such that the closed-loop system is unstable, the inputs
arndl the outputs will be so large that they will dominate the stochastic terms in
the model. The estimates will then quickly approach values that correspond to
a deadbeat controller for the system, which gives a stable closed-loop sysiem.
This argument can be made rigorous (see Johansson (1988}). The estimates
will thus vary in a bounded area without converging to any peint. Figure 6.20
shows the parameter estimates when a direct self-tuning regulator with the
controller structure ;
uit) = —— 22y

is used. The simulation is initialized with values that correspond to the
minimum-variance controller. The simulation is done by using RLS with a for-
getting factor 1 = 0.98. Figure 6,20 shows that the estimates try to reach
the optimal values but are repelled when they get close. Notice also that
the behavior is similar to that shown in Fig. 6.3. The example shows that
a minimum-phase system exists in which the parameters corresponding to the
minimum-variance controller are not a stable equilibrium for the self-tuning
algorithm, This particular example led, in fact, to extensive research effort on
the stability of stochastic self-tuners. i

1+ Fig ! + Fag2

6.9 ROBUST ADAPTIVE CONTROLLERS

In the previous sections we showed that both continuous-time and discrete-time
adaptive centrollers perform well in idealized cases. For the discrete-time self-
tuning regutator, Assumptions Al-A4 in Theorem 6.7 were necessary to prove
convergence and stability. The examples indicate that the MRAS algorithm in
Kgs. (6.57) is incapable of dealing with unmodeled dynamics and disturbances.
The insight given by the analysis also suggests various improvements of the
algorithms. In this section, different ways to improve the robustness properties
are discussed.

The first and most obvious observation is that the underlying controlier
structure must be appropriate. A pure proportional feedback is not appropri-
ate, since the controller gain should be reduced at high {requencies to maintain
robustness. Notice that a digital control law with appropriate prefiltering gives
a very effective reduction of gain at frequencies higher than the Nyquist fre-
guency associated with the sampling. However, any use of filtering in this way
requircs prior information about the unmodeled dynamics.

The examples alse show that Theorem 8.7, although it is of significant
theoretical interest, hag limited practical value, The theorem clearly will not
hold if Assumption A2 is violated. This assumption will not hold in a practical
cage, in which there are always unmodeled dynamics. It is also not realistic
to negleet disturbances. This raises the possibility that global stability can be
established only under unrealistic assumptions.
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Theorem 6.7 also gives poor guidelines for the choice of controller com-
plexity. To satisfy Assumption A2, it seems logical to increase the controller
complexity. However, this will impose additional requirements on the inpat
signal to maintain persistency of excitation.

Projections, Leakage, and Dead Zones

Equilibrinm analysis based on averaging shows that the equilibria depend on
the unmodeled dynamics and the nature of the command signal in a compli-
cated way. Some general conclusions can be extracted, however. If the command
gignal is not persistently exciting of an order that corresponds to the number
of updated parameters, the equilibrium set will in general be a manifold rather
than a point. For systems that are linear in the parameters, the equilibria will
actually be an affine set, which means that the controller gains may be very
large on some points of the set. Small amounts of measurement noise or other
disturbances may then cause a loss of equilibrium and result in drnift of the
parameters.

Several ideas have been proposed to modify the adaptive algonthms to
avoid the difficulty. One possibility is to medify the algorithm so that the
parameters are projected into a given fixed set. However, this requires that
appropriate prior knowledge be available. For example, in Example 6.11 it is
sufficient to project into a set such that 0 € 8z < 17. A convenient way to
obtain a controller with a finite gain is to introduce a path parallel to the
process with gain p. Let 7, be the transfer function of the controller. The
arrangement with the paraliel path is equivalent to use a controller with the
transfer function

G - G
1+pG,

This is clearly bounded by 1/p when G, has high gain.

In Section 5.3 we showed that the normalization in the estimator {6.2)
is important to improve the properties of the algerithms. The normalization
comes automatically when least-squares methods are used. Another modifica-
tion is to change the parameter updating in Eq. (6.2) to

do e .

v ﬁ& + o (8° - 6) (6.84)
where 8° is an ¢ priori estimate of the parameters and @, > 0is an appropriate
constant. The added term ¢ (6° — é), sometimes called leakage, will make sure
the estimates are driven toward 8° when they are far from 6°. However, the
modification will change the equilibrium. A priori knowledge is also required
to choose 8% and ;.

To avoid the problem of shift in equilibria, the following modification has
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also been suggested:

dé .
= - yafﬁ + aqle|(6° — ) (6.85)
A third way to avoid the difficulty is to switch off the parameter estimation if
the input signal is not appropriate. There are several ways to determine when
the estimates should be switched off. A simple way is to update only when
the error is large, that is, to introduce a dead zone in the estimator. Such an
approach is discussed below. However, it is necessary to have prior knowledge
to select the dead zone.

It has also been suggested that the width of the dead zone be varied
adaptively. From the equilibrium analysis it appears more appropriate to use
a criterion based on persistent excitation. An alternative to switching off the
estimate is to intreduce intentional perturbation signals so as to ensure a
proper amount of excitation,

Filtering and Monitoring of Excitation

From the system identification point of view the problem of unmodeled dynam-
ics can be interpreted as follows. In fitting a low-order model to a system with
complex dynamics, the results depend critically on the frequency content of
the input signal. Precautions must thus be taken to ensure that the frequency
content of the input signal is concentrated to the frequency range at which the
simple model is expected to fit well. This indicates that the signals should be
filtered before they are entered into the parameter estimator or the parameter
update law. However, filtering alone is not sufficient, since it may happen that
the input signal has only frequencies cutside the useful frequency range. (A
typical case is the system in Example 6.12 with u.(f) = sin16.09:.) No amount
of filtering can remedy such a situation. We are then left with only two options:
to switch off the estimation or to introduce intentional perturbation signals.

Effects of Disturbances

Loss of robustness due to disturbances was found for the MRAS in Section 6.6.
Similar problems can be encounted for discrete-time systems. In Section 6.5
direct self-tuning regulators were discussed in the ideal case, in which there
are no disturbances, but the results can be extended in different directions to
cover disturbances. Consider the case in which the process is described by

Alg)y(t) = Blglu{t) + v(?) (6.86)

where v is a bounded disturbance. To get some insight into what can happen,
first consider an example. {(See Egardt (1979).)
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EXAMPLE 6.16 Bounded disturbances
Consider the system

it + 1) +ay(t) s u@ +e(t+1)

Use an adaptive control law with A} = A?, = 1. (The desired response is thus
¥mit ~ 1) = u.(¢).) The contral law is

it} = -8 y(t) + uc(r)

where @
. . 4
Ot +1) = 6(t) + —2
it +1) (}+1+y2me(t+1)
e(t + 1) = y(t + 1) — Oy(®) — u(t)
Introduce o
f=g-6°
where 8° = ~a. The closed-loop system can be described by the equations
= 1 - y(tho(t + 1)
Ot +1) = -——— () + L
6+1= 7 YO 1y (657

y(E+1) = =8([)y(t) + u.(2) + ot + 1)

To show that ¥(¢) may be unbounded, we want to construct a disturbance v and
a command signal #. such that the parameier error goes to infinity. Assume
that initial conditions are chosen such that #(1) = 0 and y(1) = 1. Define

f(t)g(m—(t—l})(l-e- ! ) t=23,..T-5

t—-1
for some large T. Choose the following disturbance:
1
vy =1- +f(ty t=2,3,..,T-5
=1~ s +70)
and the following command signal:
1
At=1)=—=-f(#) t=23,...T-5
teft ~ 1) i 1)
The signals v and u, are bounded. A straightforward calculation gives
6@) = vi-1
1
1) = —
y{t) 7

fort =1,...,T — 5. Further, let
vg)=0 t=T-4,...,T

0 t=T-4
“f(t‘l):{1 t=T-3,..,T
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1t can then be verified that €(z) and (¢} for large T are approximately given
by the following table.

£ é(ty ¥(£)
- VT -1
T-3 g VT
1 T
T -2 _ -
2T 2
1 VT
T-1 — =
VTT? 4
16
T 1
JTT!

Now choose v{T + 1) and u(T) such that (T +1) =0 and (T +1) = 1.
The state vector of Egs. (5.87) is then equal to the initial state. By repeating
the procedure for increasing values of 7', a subsequence of y(t) will inerease
as —T/2 and therefore is unbounded. O

Example 6,16 shows that the algorithm may behave badly even if it is as-
sumed that the disturbances are bounded. Robustness against bounded distur-
bances can be obtained by using conditional updating as shown in the following
theorem.

THEOQREM 6.8 Conditional vpdating
Consider the plant {6.86) where v is a disturbance that is bounded by

sup
[3

AALB ”‘ <G

where R is the polynomial in the feedback law and C; is a congtant. Assume
that the direct adaptive algorithm defined by Egs. (6.41} and (6.42) is used,
with the modification that the parameters are updated only when the estima-
tion error is such that

20,

2 — max (ba/ro, 1)

Let Assumptions A1-A3 hold, and assume in addition that 0 < bg < 2ry. Then
the inputs and outputs of the closed-loop system are bounded. a

Proofs of this theorem can be found in Egardt (1979) and Goodwin and Sin
(1984). The medification of the algorithm is referred to as conditional updating
or introduction of ¢ dead zone in the estimator,

le| =
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Of course, the result 1s of limited practical value because it requives an
upper hound on the disturbance, which is not known & priori. The bound also
depends on the ratio bg/rq = by/bo, where by is the instantaneous gain. The
estimate of this gain ig thus cssential. If by /rg = 1 and A, = A, = 1, it follows
that B = B, and the condition for updating becomes

le(t)] 2 2sup |v(E))

This means that the estimate will be updated when the estimation error is
twice as large as the maximum noise amplitude.

Another modification of the algorithm also leads to bounded signals. The
modification consists of using the updating law of Eqs. (6.41) if the magnitude
of the estimates is less than a given bound and to prgject into a bounded set
if Eqs. {6.41) give estimates outside the bounds. We refer to Theorem 4.4 of
Egardt (1979) for details. This method will, of course, require that the bounds
on the parameters be known o priori,

Signal Normalization

Various modifications of the adaptive algorithm are discussed in more detail in
Chapter 11. Therefore only a few sketchy remarks are given here. Notice that
Theorem 6.8 gives stability conditions for adaptive control applied to the model
(6.86), when v is a bounded disturbance. Unmodeled dynamics can, of course,
be modeled by Eq. (6.86), but v will no longer be bounded, since it depends on
the inputs and outputs. By introducing the signal defined by

Cr(t) = max (Ju(?)].|y(£))
where C is a stable filter, and introducing the normalized signals

- hd - 43 - u
= —, = - = —
¥ r r’ r

the model of Eq. (6.86} can be replaced by
A9 = Bii+0

where § is now bounded. By invoking Theorem 6.8, it can be established that
adaptive control with a dead zone or projection gives a system with hounded
signals. The detailed justification is complicated.

The Minimum-Phase Assumption

In Theorem 6.7 and for the MRAS the process is required to be minimum-phase.
This assumption is used to conclude that the input signal is bounded when the
output is bounded. The minimum-variance controller, which cancels the open-
loop process zeros, cannot be used when the process is nonminimum-phase.
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Instead, the LQG self-tuner or the moving-average controller with increased
prediction horizon can be used.

It should be remarked that sampled data systems often can be non-
minimum-phase beeause of “sampling zeros” even if the continuous-time sys-

tem that is sampled is minimum-phase, These zeros are given by the following
theorem.

THEOREM 69 Limiting sampled-data zeros
Let G(s) be a rational function

A (s ~z1)(s—22)s .., (58~ 2m)
G(s) = K{s—pl)(s — P2 s —pw)

and let H(z) be the corresponding pulse transfer function. Assume that m < n.
As the sampling period A — 0, m zeros of H go to 1 as exp(z;), and the
remaining n — m — 1 zeros of H go to the zeros of B,_,, [z}, where B;(2) is the
polynomial

(6.88)

Bulz) =iV v bbbk (6.89)
and _
Bt — g(—n*—fzk [':i;] P= 1.k (6.90)
The first polynomials B, are
Bi(z)=1
Bg(z)=2+1
Byz) =2 +4z+1 a

This theorem is proved in Astrém ef el (1984). It implies that direct
methods for adaptive control that require that the plant be minimum-phase
cannot be used with too short a sampling period. When very fast sampling is
required, a continuous-time representation may then he preferable. Another
possibility is to describe the system in the delta operator, defined by

_e-1
é = Rk
or in Tustin’s operator:
ol g-1
T 2hg+1

This yields parameterizations that give a much better resclution at ¢ = 1. The
& operator gives a description that is equivalent to the ¢ operator description,
The advantage of the transformation is that the & operator description has
better numerical properties when the sampling is fast. All the poles of the g
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operator form are clustered around the point ¢ = 1. This gives rise to numerical
sensitivity, For the & operator it can be shown that the limiting value
B, (8) _ Bo(s)

1 ¥y Bnd)

w0 A4(8) | Ao(d)
is such that the coefficients in By and Ay are the same as the coefficients
in the continuous-time transfer function. This implies that the structure of
the transfer function in the § operater is essentially the same as that of

the continuous-time transfer function, provided that the sampling period is
sufficiently short.

The High-Frequency Gain

For a process that has no right half-plane zeros, the standard direct discrete-
time algorithm is based on the model

ALALy(t + d) = by (RMu(t) + S*y{t))

where bg is the coefficient. of the first nonvanishing term in the B polynomial.
With some abuse of language this coefficient is called the high-frequency gain
because it is the first nonvanishing coefficient of the impulse response. For
continuous-time systems the iransfer function of the process is approximately
G(s) = bos **. In Theorem 6.7 it was required that the sign of the coefficient
&y be known. There are several ways to deal with the parameter bo. It may be
absorbed inte R and 8§ and estimated. The polynomial B then has the form

R(g) =rog* + mg* + -+ 1

The problem with this approach is that some safeguards must be taken to
avoid the estimate r¢ becoming too small. Another possibility is to introduce a
crude fixed estimate of bg. The following analysis shows what happens when
this is done. Let the true system be

y(t +1) = by (u(t) + y" ()8°%)
and let the model be
y(t +1) = ro(u(t) + v (£)8) = roult) + pT ()8
With zero command signal the control law becomes
u(t) =~ ()60
The equation for parameter updating is

6t + 1) = B(r) + P{t + L)p(t)e{t + 1)
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where

i

et + 1) = ylt + 1) = boult) + boy T (2)6°

il

by (0 (00 - 0°) = -2 97 (1) (010 - )

The estimation error is thus governed hy

Git+1) = (1 - ?P(t + l)w(t)(OT(t)) 8(t)
a
With a pure projection algorithm we have
1
Plit+1y= ——--
ErD = oroem

In this case the matrix in large parentheses has one eigenvalue (1 — bg/rq)
and the remaining eigenvalues 1. With least-squares updating, the averaged
equation fur & becomes

B+ 1) = (1 - ?) éit)

0
Hence, to remain stable, it must be required that

0 < bo <2
Lt}
If an algorithm with a fixed ry is used, it is convenient to absorb ro in the
scaling of the signals. This is discussed in more detail in Chapter 11. When
the parameter by is estimated, it can be treated like the other parameters.
However, because of the gpecial structure of the model it is useful to use special
algorithms such as the ones discussed in Section 5.8.

Universal Stabilizers

An interesting class of adaptive algorithms was discovered during attempts to
investigate whether Assumption A3 is necessary. The following question was
posed. Consider the scalar system

% =qy+bu (6.91)
where a and b are constants. Does there exist a feedback law of the form
U= f(é, ¥)
aé N (6.92)

that stabilizes the system for all values of a and b? Morse {1983) suggested
that there are no rational f and g that solve the problem. Morse’s conjecture
was verified by Nussbaum (1983}, who proved the following result.
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THEOREM 610 Universal stabilizer
The conirol law of Egs. (6.92), with

flO,y) = y82cosé
(H ) , (6.93}
g6.y) =y
and 8(0) = 0, stabilizes Eq. (6.91).
Proof: The closed-loop system is deseribed by

dy 5o .
i ay + byb8- cos @
dé
'&"t——y

Since 8(0) = 0 and df/dt = 0, it follows that 8(t) is nonnegative and nonde-
creasing. 6{t) is also bounded, which is shown by contradiction. Hence assume

that lim, .., é(t) = oo, Multiplication of the differential equation for y by »
gives

d N . d . . do
yd—J; =ay’ + by?6%cos B = a—J? + b8 cosd

dt
Integration with respect to time gives

R 6(t)
yi(2) = ¥2(0) + 2a8(2) + 2b/ x%cos xdx
0

Hence ]
2 2 (2]
yA(t) = y.{O) +2&+?—b/ xPeosxdx
a) () a(t) Jo
But
1 f* a s o s 2 . .
= x“cosxdx = 8sin@ + 2cosf — < sin @
8 Jo e
Hence
&
lim inf = eosxdr = —0
imo @ Jp
This gives
2
lim inf y. ) =
#—o0 9(15)

which is a contradiction because y?/8 is nonnegative. It thus follows that

}im 8@ = 6° < o
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Figure 6.21 Simulation of the control law of Egs. (6.94) applied to the
plants (a) G(s) = 1/(1 —s) and (b) G(2) = 1/{s - 1}.

Integration of the equation for & Elves

60 - [ yea

It then follows that
limy(£) =0 0o
f—=o0
The behavior of a universal stabilizer is illustrated in Fig. 6.21. A reference
value is used in the simulations, and the contrel law is then modified to

F(B.9) = (w — )82 cos 6

g(6,9) = (we — ¥
Notice that the control law of Eqgs. {(6.94) can be interpreted as proportional
feedback with the gain & = 6% cosd. The behavior of the contrel law can be
interpreted as follows. Sweep over all possible controller gains and stop when
a stabilizing pain has been found. The function g can be interpreted as the
rate of change of the gain sweep. The rate is large for large errors and small
for small errors. The form cos & makes sure that the gains can be both positive
and negative. Universal stabilizers may show very violent behavior. This not

surprising, since the system may be temporarily unstable during the sweep
over the gains.

(6.94)
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The control law of Egs. {(6.94) is useful because it does not contain any
parameters that relaie to the system that it stabilizes. It is therefore called
a universal stabilizer. TTowever, the contrel law i restricted to a first-order
system. In attempting to generalize Theorem 6.10 to higher-order systems, the
following question was posed. How much prior information about an unknown
system is required to stabilize it? This question was answered in a general
setting by Martensson (1985), who showed that it is sufficient to know the
order of a stabilizing fixed-gain controller. If a transfer function is given, it

is unfortunately a nontrivial task to find the minimal order of a stabilizing
controller.

6.1¢ CONCLUSIONS

Analysis of adaplive systems is difficult because they are complicated. A num-
ber of different methods have been used to gain insight into the behavior of
adaptive systems. The theory is useful to show fundamental limitations of the
algorithms and to point out possible ways to improve them.

In this chapter a basic stability theorem has been derived on the basis
of standard tools of the theory of difference equations. To show stability and
convergence, it is necessary to make quite resirictive assumptions about the
system to be controlled. The consequences of violating these assumptions have
been analyzed.

It has been shown that analysis of equilibria and local properties around
equilibria can be explored by the method of averaging. This method can also
be applied to investigate global properties. Averaging can be applied in many
different situations, For deterministic problems it can be used for steps and
periodic signals. It can also be applied to stochastic signals. Averaging meth-
ods have also been applied to analyze what happens when adaptive systems
are designed on the basis of simplified models. To apply averaging methods,
it is necessary to use small adaptation gains. Unfortunately, there are no
good methods Lo determine analytically how small the gains should be. It 35
alse demonstrated that adaptive systems may have very complex behavior for
large adaptiation gains. Mechanisms that may lead to instability have been
discussed. One mechanism is associated with lack of a parameter equilibrium
or local instability of the equilibrium. Other mechanisms are parametric cxci-
tation and high adaptation gain. The last two mechanisms can be avoided by
choosing a small adaptation gain.

PROBLEMS

8.1 Consider the indirect continuous-time self-tuning contreller in Exam-
ple 3.8. Collect all equations that describe the self-tuner, and show that
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they ¢an be written in the form

% = A8 + B(Du,
[ ; ] = ()€ + D(M)u,
B = x(6)
Cji—f; =aP - FPepep'P

Give explicit expressinns for all components of the vectors &, ¢, &, and 6
and the matrix P.

6.2 Consider a system with unknown gain whose transfer funection is SPR.
Show that a closed-loop system that is insensitive to variations in the gain
is easily obtained by applying proportional feedback. Carry out a detailed
analysis for the case in which the transfer function is G{s) = 1/{s + 1).

6.3 Consider an MRAS for adjustment of a feedforward gain. Assume that

the system is designed on the basis of the assumption that the process

dynamics are
o

st+a
(a) Investigate the behavior of the systems obtained with the SPR and
MIT rules when the real system has the transfer function

B ab?

T (s+aMs +b)2
Determine in particular which frequency ranges give stable adapta-
tion rules for sinusoidal command signals.

(b) Consider the MRAS based on the SPR rule when the reference signal
is constant and when an additional constant load disturbance is acting
on the input of the process. Investigate how the load disturbance

influences the stationary point of the total system. Investigate the
loeal stability properties through linearization.

Gis) =

Gis)

6.4 Copsider an MRAS for adjustment of a feedforward gain based on the
MIT rule. Let the command signal be

U, = ay5Iin @t + ¢y 8in @ut

and assume that the process has the transfer function

Gls) = oy

Derive conditions for the clogsed-foop system to be stable.
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6.5 Consider Theorem 6.7. Generalize the results to cover the case in which
the polynomial B* has isolated zeros on the unit circle.

6.6 Consider the system described by
y(t) = ult d)

Assume that a direct adaptive control (e.g., with A = A} = 1) is
designed according to the assumption that d = 1. Investigate how this
controller behaves when applied to a system with & = 2.

6.7 Construct a proef analogous to Theorem 6.7 for continuous-time systems.

6.8 Consider the system
y(iy=ult -1l)+a

where @ is an unknown constant. Construct an adaptive control law that
makes v follow a command u,. asymptotically. Prove that it converges.

8.9 Cuonsider ihe continuous-time model
¥ = o ()0
Let the parameter 8 be estimated by
S
dt a+ eT{e(H)
where ¥ > 0 and & > 0 are real constants and
eft) = y(t) — ¢ (O()
Assume that y(t) is given by

¥(t) = T ()6

Prove that
10(2) - 8o = |8(s) — O] < |6(0) ~ 6] £t>s5>0

and that
Ve + et tel)
as t — o,

6.10 Consider the system in Example 6.12. Interpret the results as if the
adaptive algorithm tried to estimate parameters ¢ and b in the transfer
function G(s} = b/(s + a). Use Eqs. (6.70) to show that

. 229 - 3lw?
@7 To50 —w®
. 458

T 259 - w?

Determine the parameters for @ = 2.72 and @ = 17.03. Explain the
rezults by evaluating G(s) for the corresponding frequencies.
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w1  Medel

e

Process

Figure 6.22 Adaptive feedforward controller in Problem 6.11.

6.11 A feedforward gain is adapted as shown in the block diagram in Fig, 6.22.
The mode! is given by

Ay,
%:_ym"'uc

The process is not linear, however, but is given by

dy 3

-Z = —y—oy

dt ¥ 34
Lety=1and &, = 1.

{a) What arc the equilibrium points of the system?

(b) Linearize the system around the equilibriom points, and determine
how ihe stability of the linearized system depends on the parameter
a.

(¢) Simulate the behavior of the nonlinear adaptive system to verify the
results in part (b).

6.12 An integrator process
1
Ges) = ¢
i2 to be controlled by the error feedback law
sU(s) = (45 + 8){Uc(s) - ¥ (s}}

where Uf{s), U.(s), and Y(s) are the Laplace transforms of the input,
reference, and output signals, respectively. The desired response of the
closed-loop system is given by the transfer function

d(s+ 1)

Gn(s) = TR
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An MRAS has been designed, giving the parameter update law
de 1
o = e ((p P uc(t))

{a) Find the equilibrium parameter set of the parameter update law, giv-
ing a parameter estimate that is constant for any reference input
u.(2). Give an cxpressien for the averaged nonlinear differential equa-
tion of the parameter update law.

{b) Determine the local stability of the equilibrium parameter set for
a gsinusoidal reference signal u.(f) = sinwi by examining the char-
acteristic polynomial of the linear differential equation obtained by
linearizing the averaged differential equation around the equilibrium
parameter set. Determine for what frequencies the linearized equa-
tion is stable.

where e = y — y,,.

6.13 Formulate the averaging equation for a discrete-time algorithm corre-
sponding to Eq. 6.49.

6.14 Consider discrete-time adaptive control of the system
yi(t + 1) = ay(t) + but(f)
Derive an MRAS that gives a closed-loop system

ym(t + 1) = amym(t) + b (t]

Use averaging methods to analyze the system when the command signal
is a step and a sinusoid.

6.18 Congider Problem 6.14. Investigate the behavior of the system when the

commang signal is a step and when there is sinusoidal measurement
noise.

8.16 Consider the MRAS given by Eqs. (6.57). Investigate the local behavior
of the closed-loop system when the command signal is a sinusoeid and the
gradient method

2
7 Yy
is replaced with a least-squares method of the form
dé
“e_op
dt =~
dP
—— = ~Ppp"P+ AP
dt peE+

6.17 Show that there is no constant-gain controller that can simultaneously
stabilize the systems G(s) = 1/(1 + 8) and G(s) = 1/(1 - 5).
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6.18 Show that there is a fixed-gain controller that will simultancously stabi-
lize the systems G(s) = 1/(s+ 1) and G(s) = 1/(s — 1).

6.19 Consider the MRAS given by Eqs. (6.57}). Make a simulation study
to investipate the consequences of introducing leakage as described by
Eqs. (6.84} and (6.85) in the estimation algorithm. Study sinusoidal com-
mand signals as well as step commands and measurement nnise.

6.20 Consider the MRAS in Problem 6.4. Make a simulation study to inves-
tigate the congsequences of using conditional updating. Study sinuscidal
command signals as well as step commands and measurement noisc,

6.21 Consider the system in Problem 6.4. Let the input be sinuscidai with

frequency . Investigate the effects of sinusoidal measurement noise on
the system.

6.22 Consider direct algorithms for contrel of the system

y(t + 1) = ay(t) + bu(z)

to give an input-output relation

Ymlt+ 1} = any(t) + bnue i)

Investigate by simulation the convergence rates obtained when b js fixed
to different values.

6.23 Investigate the behavior of the universal stabilizer in the presence of
measurement noise.

6.24 Consider a system for adjustment of a feedforward gain based on the MIT
rule. Let the command signal be u,(¢} = sinwt?, and let G(s) = 1/(s+1).
Simulate the paramcter behavior for the MIT rule with adaptation gains
y = 10 and ¥ = 11. Compare the analysis in Example 6.8.

8.25 Consider the simulation shown in ¥Fig. 6.11, which was performed with

adaptation gain ¥ = 1.0. Repeat the simulation with different adaptation
gains,
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CHAFPTER 7

STOCHASTIC
ADAPTIVE CONTROL

7.1 INTRODUCTION

In earlier chapters the adaptive control problem was approached from a heuris-
tic point of view. The unknown parameters of the process or the regulator were
estimated by using real-time estimation, and the estimated parameters were
then used as if they were the true ones. The uncertainties of the parameter
estimates were not taken into account in the design, This procedure gives a
certainty equivalence controller. The model-reference adaptive controllers and
the self-tuning regulators have been derived under the assomption that the
parameters are ¢constant but unknown, When the process parameters are con-
stant, the estimation routines usually are such that the uncertainties decrease
rapidly after the estimation is started. However, the uncertainties can be large
at the startup or if the parameters are changing. In such cases it may be im-
portant to let the control law be a function of the parameter estimates as well
as of the uncertainties of the estimates.

It would be appealing to formulate the adaptive control problem from a
unified theoretical framework. This can be done by using nonlinear stochastic
control theery, in which the process, its parameters, and the environment are
deseribed by nsing a stochastic model. The difference compared with the treat-
ment in the previous chapters is that the parameters of the process also are
described by using a stochastic model. The criterion is formulated so as to min-
imize the expected value of a loss function. It is difficult to find the controller
that minimizes the expected loss function. Conditions for the existence of an
optimal controller are not known. However, under the condition that a solution
existe, it is possible to derive a functional equation by using dynamie program-
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Figure 7.1 Bleck diagram of an adaptive regulator obtained from stochastic
control theory.

ming. This equation, called the Beliman equation, can be solved numerically
only in very simple cases. The siructure of the optimal regulator is shown in
Fig. 7.1. The controller is composed of two parts: an estimator and a feedback
regulator. The estimator generates the conditional probability distribution of
the state given the measurements. This distribution is called the Ayperstate
of the problem. The feedback regulator is a nonlinear funetion that maps the
hyperstate into the space of control variables.

The structural simplicity of the solution is obtained at the price of intro-
ducing the hyperstate, which can be a quantity of very high dimension. Naotice
that the structure is similar te that of the self-tuning regulator. The self-tuning
regulator can be regarded as an approximation; the conditional probability dis-
tribution is replaced by a distribution with all mass at the conditional mean
value. In Fig. 7.1 there is no distinction between the parameters and the other
state variables of the process. The regulator can therefore handle very rapid
parameter variations. Furthermore, the averaging methods based on separa-
tion of the states of the process and the parameters (used in Chapter 6) cannot
be used to analyze the system. The optimal control law has an interesting prop-
erty. The control attempts to drive the output to the desired value, but it will
alse introduce perturbations when the estimates are uncertain. This will im-
prove the estimates and the future control. The optimal controller achieves a
correct balance between maintaining good contrel and small estimation errors.
This is called dual conirol.

The chapter is organized in the following way. The idea with multistep
decision problems is introduced in Section 7.2, where the two-armed bandit
problem is introduced. A general stochastic adaptive control problem is for-
mulated in Section 7.3, and Section 7.4 gives the derivation of the Bellman
equation. The consequences of the structure of the solution are discussed, and
the dual property is analyzed. Different way=s to approximate the dual con-
troller are discussed in Section 7.5. However, only very simple examples of
dual controllers can be solved numerically, but the solutions give some useful
indications of how suboptimal controllers can be constructed. Some examples
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are given in Section 7.6, and the stochastic adaptive approach is summarized
in Section 7.7.

7.2 MULTISTEP DECISION PROBLEMS

The idea of decision under uncertainty is discusged in this section. There are
many situations in which decisions must he taken despite uncertainties about
the processes or the statistics. One example is route planning, in which the
traffic will influence the time it takes to get from one point to another. Another
example is testing of medical drugs. In investigating the effect of a new drug,
it is necessary to plan the test, but it is also important to have the possibility
te go back to a standard procedure if the patient is not responding well to
the new treatment. The characteristic features of these types of problems are
that there are uncertainties about the possible outcome of different control
actions. Further, there is a sequence of control actions to be taken. At each
time, feedback is used to update or change the procedure. One of the first
stochastic adaptive problems of this kind that was solved can be represented
by the classical two-urmed bandit (TAB) problem. This is a typical problem of
sequential design of statistical experiments.

The TAB problem can be described in the following way. A player is faced
with two slot machines, I and IL. If machine I is played the gain is one unit
with probability p; machine II gives a gain of one unit with probability ¢. In
the simplest case, p is known and ¢ is unknown and is chosen before each
game of length N according to a given probability distribution. During the
game the unknown quantity ¢ has to be estimated, and the player must decide
at each step which machine to play to maximize the total gain of each game
of N plays.

The two-armed bandit probtem can be used to illustrate the essential ideas
of multistep decision problems. One strategy that can be used is open-loop
control, that is, the control sequence is chosen without any measurements
being made. The decision is taken with respect to the a priori knowledge about
p and the distribution of ¢. In the TAB case, machine I should be played if p
is larger than the mean value of g; otherwise, machine II should be played. A
second strategy is what is called open-loop optimal feedback (OLOF) control.
This controller is derived by maximizing the multistep gain function at each
step under the assumption that no further measurements will be available,
that is, an open-loop control sequence is determined. The first step in the
control sequence is then used, and the performance of the system is measured.
On the basis of the new information (fecdback) a new maximization is done
(compare the receding horizon controller in Chapter 4). The first step in the
OLOF control is thus the same as the [irst step in the open-loop control. The
measurements are thus in the TAR problem used to update the estimate of the
unknown probability ¢.
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To find the optimal solution to the TAB problem, it is possible to use dy-
namic programming o derive the optimal strategy that maximizes the expected
gain depending on the outeome of previous plays in the game. How this is done
is shown for a more general case in Section 7.4. The optimal strategy for a sim-

ple TAB problem is illustrated in the following example adopted from Yakowitz
(1969).

EXAMPLE 71  Two-armed bandit problem

Assume that p = 0.6 and that g is uniformly distributed over the interval
[0, 1]. If machine I is played all the time, the expected gain is (.6 per play;
if machine 1I is played all the time, the expected gain per play is 0.5, The
open-loop strategy then suggests that machine I should he played all the time.
However, for each game of length N there is a probability that the g has a
larger value than 0.6. If infinitely many plays are available, the player can
play machine 1I, estimate g, and then decide which machine to play for the
rest of the plays.

'To determine the profit of knowledge of g, assume that the player s told the
value of ¢ before each game. The player’s optimal strategy is then to play the
machine having the highest probability. In this case the expected gain per play
is E{max(p,q)} = 0.68. This means that the expected gain can be increased by
13% compared with the open-loop strategy if g is estimated. Table 7.1 shows
the average gain per play for different values of N. As the number of plays
increases, the gain will approach the maximum value 0.68. Relatively many
plays are needed to get close to the optimum.

Figure 7.2 shows the state transition diagram for the optimal strategy
when N = 6. The player is initially in the state {0, 0} and starts to play ma-
chine IT to find out if machine 1T has better winning probability than machine
1. The numbers in the circles indicate the number of times machines I and II,
respectively, have given a gain of one unit. In states (0, 0} and (0, 1) there
will be a switch to machine I after the player loses once; after state (0, 2) the
optimal strategy allows one loss before switching to machine I. O

Table 7.1 Average gain per play for different vatues of NV for the two-armed
bandit problem in Example 7.1.

N Gain per play

8 0.62
10 0.64
25 0.655
100 0.6676
500 0.6755
1009 08773
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(; Rest of game on machine I )

Figure 72 The optimal strategy for the two-armed bandit problem in Ex-
ample 7.1 when N = 8.

7.3 THE STOCHASTIC ADAPTIVE PROBLEM

The stochastic adaptive control problem is formulated for a simple class of

systems by giving the ¢lass of models, the eriterion, and the admissible contrel
strategies.

The Model
Consider the discrete-time, single-input, single-output system
)+ eyt - 1)+ -+ a{)y(t - n) =

Bolta(t ~ 1) + - + by (et ~ 2) + e(t) (7.1)
where y, u, and e are output, input, and disturbance, respectively. The noise
sequence {e{f)} is assumed to be Gaussian with zero mean and variance Rj.
Further, it is assumed that e(f} is independent of y(£— 1), ¥(t - 2), ..., w(t - 1},
u{t—23, ..., 6:{t), a;i(—1}...,and b;{t}, bi{t~1), ... . It is further assumed that

bo(t) # 0 and that the system is minimum-phase for all ¢. The time-varying
parameters

. T
@)= (bolt) - Baal® @) .. an(t)] 1.9)

are modeled by a Gauss-Markov process, which satisfies the stochastic differ-
ence equation

x(t +1) = ®x{t) = v(t) (7.3)

where ® is a known constant matrix and {o(¢)} is a sequence of independent,
equally distributed nermal vectors with zero mean value and known covariance
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R,. The initial state of the system in Eq. (7.3) is assumed to be normally
distributed with mean value

Ex(0)=m {7.4)

and covariance
cov {x{0),x(0)} = Rg {7.5)

It is assumed that e(£) is independent of v(t) and of x(0).
The input-output relation of the system of Eq. (7.1) can be written in the
compact form

y(t) = ol (¢ — 1)x(2) + eft) (7.6)

where
Pt —1) = [u(t-—l) oult-n) -y(t-1) ... ﬂ-y(t—n)] (7.7)

The model is thus defined by Egs. {7.3) and (7.6).

The Criterion

It is assumed that the purpose of the contro! is to keep the output of the system
as cloze as possible to a known reference value trajectory u.(t). The deviation
is measured by the criterion

N
Ix=E {% >0 - uc(rnz} (8)

where E denotes mathematical expectation. This is called an N-stage criterion.
The loss function should be minimized with respect to 2(0), u(1}, ..., u(N - 1).
The controller obtained for N = 1 is sometimes called a myopic controller, since
it is short-sighted and looks only one step ahead. The minimizing controller
will be very different if N = 1 or if N is large.

Admissible Control Strategies

To specify the problem completely, it is necessary to define the admissible
control strategics. A control strategy is admissible if u(t) is a function of all
outputs observed up to and including time ¢, that is, ¥(¢), (¢t~ 1), ... all applied
control signals u(i — 1), ... and the a priori data. Let 7 denote all values of
the output up to and including y(¢) or, more precisely, the o-algebra generated
by ¥{¢), ..., ¥(0) and x(0).
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Discussion of the Prablem Formulation

To get a reasonable problem, it ig assumed that the noise in Eq. (7.1) is of
least-squares type, that is, C(g) = ¢". Further, there is no extra time delay
in the system. In the formulation it has been assumed that the measurements
¥(£} are obtained at each sampling interval, It is possible {o define other control
problems leading to other controllers by changing the way in which the future
measurements will become available. The realism of the assumption that & is
known in Eg. (7.3) is open to question. The case @ = I can, however, be used
as a generic case to study the dual controel problem.

The process of Eq. (7.1) is a nonlinear model, since the parameters as well
as the old inputs and cutpuls are the states of the system. Notice for instance
that the distributions of the parameters and the disturbances are Gaussian
but y(t) is not Gaussian. The problem could also be phrased in more general
terms by assuming that hoth the model and the criterion are general nonlinear
functions. In this chapter we consider the special case defined by Eqgs. (7.1) and
(7.8) to illustrate the ideas and the difficulties with the stochastic adaptive
approach.

74 DUAL CONTROL

We now analyze the problem formulated in Section 7.3. The problem of es-
timating the parameters of Eq. (7.1} is first considered. The control problem
is first solved for the case in which the parameters are known. The problem
is then solved for the case in which ¥ = 1 in the criterion of Eq. (7.8). The
solutien of the complete problem is finally discussed. The control problem is
solved by using dynamic programming.

The Estimation Problem

To solve the dual control problem, it is necessary to be able to evaluate the
influence of the control signal on the future outputs and to estimate and predict
the behavior of the stochastic parameters. The estimation problem is defined
so as to compute the conditional probability distribution of the parameters,
given the measured data.

The system is written in a standard state space form, using Eqgs. (7.3) and
{7.6). The conditional distribution of x{¢ + 1), given 7%, is given by the following
theorem.

THEOREM 7.1 Conditicnal distribution of the states

Consider the model of Eq. (7.3) with the output defined by Bq. (7.6}, where
e(t) and v(t) are independent zero mean Gaussian variables with covariances
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R5 and Ry, respectively. The initial state of the system is given by Eqs. (7.4)
and (7.5).

The conditional distribution of x(t), given 7;_1, is Gaussian with mean z(t)
and covariance P{t) satisfying the difference equations

2t + 1) = OE() + K@) (v(&) - o7 (£ - DHD)
P +1)= (@ -K{t)pT(t - 1)) Pt} + Ry {(1.9)

K@) = ®P@)o(t - 1) (Ry + pT(t - BP (D)@t — 1))

with the initial conditions

#0)=m

P{0) = Ry
Furthermore, the conditional distribution of y(¢), given 7%, 1, is Gaussian with
mean value

m,(t) = ¢ (¢ - 1)x(t)
and covariance
ol(t) = R+ 9" (£ - VP (t)elt — 1)

Proof: 1f @{t-1) is a known time-varying vector, then the theorem is identical
to the Kalman filtering theorem, which can be found in standard textbooks on
stochastic control. Going through the details of the proof of the Kalman filtering
theorem, we find that it is still valid, since @(¢ — 1} is a function of ;. In
other words, the vector ¢ (i — 1) is not known in advance, but it is known when
it is needed in the computations. ]

Remark. Notice that the conditional distribution of ¥(2), given Y_,, is Gaus-
sian even if ¥{¢) is not Gaussian. o

The cstimation problem is thus easily solved for the model structure cho-
sen. The conditional distribution of the state of the system is called the Ay-
perstate. The distribution is Gaussian in the problem under consideration. It
is then sufficient to consider the mean and covariance of x{z). Further, some
of the old inputs and outputs must be stored to compute the distribution de-
fined in Eqgs. (7.9). In the problem under consideration the hyperstate is finite-
dimensional and can be characterized by the triple

&0 = (pe-1 i) P©) (7.10)
where
o7 - 1) = [0 wlt 2 ... u(t—n) —yE-1) ... —y(t-~n)] (7.11)

The vector $T{f—1}is the same as p” (¢ 1), except that «(¢ -1} is replaced by a
zero. The updating of the hyperstate is given by Theorem 7.1 and the definition
of @T(z - 1). In the general case the conditional probability distribution is not
Gaussian. This will considerably increase the computational difficulties and
the storage requirements.
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Systems with Known Parameters

If the parameters of the system of Eq. (7.1} are known, it is easy to determine

the optimal feedback. The vector 7 defined by Eq. {7.11) is used to show the
dependence of u{t):

yit+1)

eT(Mx(t + 1) +e(t +1)
bolt + Lu(e) + pT{tx(t + 1) +e{t + 1)

The optimal feedback when by(t + 1} and x(f + 1) are known is then given by

ufr +1) - pT(x( + 1)

u(®) = Bolt + 1)

(7.12)

Notice that ¢{¢) is a function of the admissible data. This controller gives
¥E+1) = u(t+ 1) veit +1)

and it minimizes Eq. {7.8), since e(t + 1) is independent of ; and u(t}. The
minimal loss is given by

mindy = s

Notice that it is necessary to assume that bo(t + 1) £ 0 and that the system is
minimum-phase at every instant of time. The control signal may otherwise be
unbounded.

Certainty Equivalence Control

When the parameters x(¢t + 1) are not known, it can be tempting to replace
Eq. (7.12) with

uc(t +1) — T3¢ + 1)

U(t) B E‘Q (t + 1)

(7.13)

The true parameter values are replaced by the expected values, given ;. The
controller of Eq. (7.13) is called the certainty equivalence controller. Certainty
equivalence control is the strategy used in the self-tuning regulators in Chap-
ters 3 and 4 and in the model-reference adaptive systems in Chapter 5. In
these controllers it was also necessary to ensure that by # 0.

Cautious Control

We now consider the special case in which N = 1in Eqg, (7.8). According to
Theorem 7.1 the conditional distribution of y(¢ + 1}, given 9}, is Gaussian with
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mean @7 (t)i(t + 1) and covariance Rz + @7 {¢}P(f + 1)@ (t). Then

B {(y{t 1) (f+ 1)) |9’,}
= (@ T (OF(E + 1) — we(t + 1)’ + T@P(t + Vp(t) + Ry

= (@T(t)i(t +1) + byt + Dult)y — et + 1))2
+ TP+ 1)) + u* (O)pa, F + 1)
+ 2u(t)@T (H)P(t + 1) + Ry (7.14)
The first equality is obtained by using the standard formula that
E({*y=m’+p

when { is a Gaussian variable with mean m and variance p. The column vector
¢ selects the first column of the matrix P{¢}, that is,

=10 .. 0)

Further, p,, is the covariance of the parameter estimate f)g. Equation {7.14)
is quadratic in «(t}). Minimization of Eq. (7.14) with respect to u(t) gives the
admisgible one-step optimal controller

bolt + Due(t + 1) — @7 (8) (bu(t + 1E(E+ 1) + Pt + 1)12)

uft) =

- 7.15
b2(t + 1) + py,(t + 1) (7.15)
The minimum value of the loss function is
min E {(y{t 1) -t +1))° |9’t}
ui¢}
= (TW&( + 1) - u (e + 1) + Ry + pT(OPE + D)
(7.16)

2

(Ba(: + Due(t + 1) - §T() (bo(: + 1)@ + 1) + P+ 1) ))
- B(t + 1) + pa,t + 1)

The one-step-chead controller, or cautious controller, of Bq. (7.15) differs from
Eq. (7.13) because the uncertainties of the parameter estimates arc also taken
inte aceount, The controller becomes cautious when the estimates are uncer-
tain. Notice that the cautious controller of Eq. (7.15) reduces to the certainty
equivalence controller of Eq. (7.13) when P{t + 1) = 0.

EXAMPLE 72 ° Integrator with time-varying gain
Consider an integrator in which the gain is changing. Let the process be
described by

y{t) -yt - 1) = blejult — 1) +e(f)
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where
bt + 1) = gpb(t} + Ryw(r)

The errors ¢ and v are zero-mean Gaussian white noise with the standard
deviations R, and 1, respectively. Further, it is assumed that u, = 0. The

tertainty equivalence controller is given by

1
u(tj = —= — (T
© bit + 1) @
and the cautious controller is
bl + 1)

u(t) = -

Bz(t + 1} + pplt + 1) )

The gain in the cautious controller has been reduced by a factor
b2
b2 + Lb

compared with the certainty equivalence controller. Notice that the gain ap-
proaches zero when the uncertainty increases. ]

Multistep Optimization

The general multistep optimization problem can be solved by using dynamic
programming. The fact that the conditional distributions are Gaussian will
simplify the problem.

It follows from a fundamental result of stochastic control theory (sec
Astrom (1970), Lemma 8:3.2) that

wit- 1) uN 1} {Z{y - uc(k) }
= £y, (minE {Z (y1k) ~ e )Y \9:_1})

ket

and it is assumed that the minimum exists. E(- |7-1) is a function of the
hyperstate of Eq. (7.10) and ¢, Define

N
vEn = min E {Z (y(&) - e (R))* ]9:_.1}

k=t

V (£(t), t) can be interpreted as the minimum expected loss for the remaining
part of the control horizon given the data up to ¢ — 1.
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Consider the situation at time N ~ 1. When (N — 1) is changed, only
y(N} will be influenced. This means that we have the same situation as for
the one-step minimization. From Eq. (7.16) we get

V(E(N), N)
= (pT(N -~ DE(N) - u (N))" + Bz + ¢T(N - BP(N)P(N - 1)
(ho(N)ue ) - 67V — 1) (Bo(W)2(M) + P(NY))’
bE(N) + pu, (N)

At time N — 1 we get
VEIN-1), N-1)

= min E{(y(V - )= w0V = 0 + V EN). M) [Dv-a

Notice that the minimization is done only over u(N — 2), since (N - 1) was
eliminated in the previeus minimization. This recursively defines the loss at
time &N — 1, which then can be used for iteration backwards one more step
of time, and so on. This dynamic programming procedure leads to a recursive
equation, which defines the minimum expected loss. At time ¢ we get

V(£ 1) = min E{( ~w <V ECr D+ D) (10

This functional equation is called the Bellman equation of the problem. The
simplicity of the form of Eq. {7.17) is misleading. The equation cannot be
solved analytically, but it requires extensive numerical computations to get
the solution even for very simple problems,

The first term on the right-hand side of Eq. (7.17) can be evaluated in
the same way as in the one-step minimization. The second term causes the
difficalties in the optimization, since we have to evaluate

E{V(§(t+1),t+1)

er

The average with respect to the distribution of »(t), given Y, _1, must be com-
puted. According to Theorem 7.1 this distribution is Gaussian with mean m, (?)
and variance o’ (t). This gives

E{V @@+ 1.0+ 1|0

-t fV[{b{t), #(t+1), Pt+ 1), ¢+ 1)e /@90 g (7.18)
o, 2n

— 0
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where

(t+1) = D) + Kit) (s — o7 (¢ - 1)3{))
Pit+1) = (@ - Kol (t - 1)) P()®T + R,

K{t) = ®Ptyp{t - 1)/ o3 (f)

o) = Ra+ 0"t - VHP@e(t - 1)

@1(t) = ult - 1) '

@:(t) = @ia(t- 1) i=2,...,n0+2,...,2n
¢n+1|:t) =8

These equations, together with Eq. (7.18), can be used to compute recursively
the control signal and the loss as functions of the hyperstate. The control
variable u{t - 1) influences the immediate less (i.e., the first term on the
right-hand side of Eq. (7.17)). Notice that u«{t — 1) also influences the expected
future loss, since it influences @(t — 1), which influences x(z + 1), P(¢ + 1}, and
T (). This means that the choice of the control signal x(¢ — 1) influences the
immediate loss, the future parameter estimates, their accuracy, and also the
future values of the output signal. The optimal controller is a dual controller.
It makes a compromise between the control action and the probing action.

The probing action will add an active learning feature to the controller,
in contrast to the cautious and certainty equivalence controllers, in which the
learning is “accidental.” The optimal feedback will generate contrcl actions
that will improve the accuracy of the future estimates at the expense of the
short-term loss. The cautious coniroller obtained when N = 1 will not benefit
if probing is introduced; it only tries to make the loss as small as possible at
the next instant of time.

Separation and Certainty Equivalence

The optimal one-step controller of Eg. {7.15) cannot be obtained by using the
certainty equivalence prineiple, but the estimation and the contrel problems
can be separated. As was mentioned in Section 7.1, most adaptive controllers
are hased on the hypothesis that the certainty equivalence principle can be
used. The derivations in this section show that the separation principle also
can be used in the considered problem. However, the uncertainties must also be
used in the computation of the control signal. It is thus of interest to investigate
whether there are classes of systems for which the certainty equivalence and
separation principles hold.

One case in which the certainty equivalence principle holds is the cele-
brated linear quadratic Gaussian case for known systems. For adaptive con-
trollers there are very few cases to which the certainty equivalence principle is
applicable. One exception is when the unknown parameters are stochastic vari-
ables that are independent between different sampling intervals. The certainty
equivalence principle also holds for the stochastic linear quadratic problem for-
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mulation, when the process noise is white but not necessarily Gaussian and
when the measurement noise is additive but not necessarily white,

The separation principle is valid for much more general cases. The cautious
controller and the dual controller derived in this section are obtained by using
separation.

Numerical Solution

Even in the simplest cases there is no analytic selution to the Bellman equa-
tion (Eq. 7.17). It is therefore necessary to resort to numerical solution. One
iteration of Eq. (7.17) involves

« Discretization of the loss V in the variables of the hyperstate,

» Evaluation of the integral in Eq. {(7.18) using u quadrature formula, and

+ Minimization over u(t — 1) for each combinatien of the discretized hyper-
state.

Both V and & are functions of the hyperstate, so the storage requirements
increase rapidiy when the order of the system increases. Assume that the
dimension of the hyperstate is 2 and that each variable is discretized into
ten steps. Thus the loss and control tables contain 100 values each. Let the
hyperstate have dimension 6, and let each variable be discretized in ten steps.
The dimension of the loss and control tables is then 10° each. This means that

only very simple problems have been solved numerically because of the “curse
of dimensicnality.”

Discontinuity of the Control Signal

A feature of the optimal golution is that the control lJaw can become discontin-
uous in situations such as that shown in Fig. 7.3. The figure shows the loss
function as a function of the control signal for three different but close values of
the hyperstate. If there are several local minima, the control signal can become

Figure 7.3 Illustration of how several local minima of the loss function can
give a discontinuity in the control signal. The global minima are marked with
dots. On the middle curve the local minima have the same value.
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discontinuous when the global minimum changes from one local minimum to
another. This can be interpreted as a change of mode for the controller. For

instance, the controller may introduce probing to increase the knowledge of
the unknown parameters.

7.5 SUBOPTIMAL STRATEGIES

The optimal multistep dual centroller derived in Section 7.4 is of little practical
use, because the numerical computations limit its applicability. The dual struc-
turc of the controller is very important, however. Many ways to make practical
approximations have been suggested; this section surveys some of the possi-
bilities. The properties of the cautious controller are first investigated, and
different ways to improve this controller are then discussed.

Cautious Controllers

Minimization over only one step leads to the one-step or cautious controller of
Eq. {(7.15). This controller takes the parameter uncertainties into account, in
contrast to the certainty equivalence controller of Eq. (7.13). However, the gain
of Eq. (7.15) will decrease if the variance of bo increases. This will give less
information about by in the next step, and the variance will increase further.
The contreller is then caught in a vicious ecircle, and the magnitude of the
control signal becomes very small. This is called the turn-off phenomenon.

EXAMPLE 7.3  Turn-off

Consider the integrator with unknown gain in Example 7.2 with B, = 0.09
and ¢, = 0.95. Figure 7.4 shows a representative simulation of the cautious
controller. The contro! signal is small for periods of time, and the variance of
the estimated gain increases during the turn-off. After some time the control
activity suddenly starts again. 0

The turn-off will generally start when the control signal is small and when
the parameter 6o is small. The problem with turn-off makes the cautious
controller unsuitable for control of systems with quickly varying parameters.
The cautious controller can be useful if the parameters of the process are
constant or almost constant, but the certainty equivalence controller with some
simple safety measures can often be used in such cages also.

Classification of Suboptimal Dual Controllers

The problem of tura-off has led to many suggestions of how to derive controllers
that are simple but still have some dual features. Some ways are:
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Figure 7.4 Representative simulation when an integrator is controlled by
using a cautious controller. Turn-off oceurs when the control signal is emall.

v Adding perturbation signals to the cautious controller,
+ Constraining the variance of the parameter estimates,
« Extensions of the loss function, and
« Serial expansion of the loss function.

Some of these modifications are now discussed.

Perturbation Signals

The turn-off is due to lack of excitation (compare Chapter 6). One way to in-
crease the excitation is to add a perturbation signal. Pseudo-random binary
sequences (PRBS) and white noise signals have been suggested. The pertur-
bation ¢an be added all the time or only when the variance is exceeding some
limit. The addition of the extra signal will naturally increase the probing loss
but may make it possible to improve the total performance.

Constrained One-Step Minimization

One class of suboptimal dual controllers is obtained by constrained one-step
minimization. Suggested constraints are
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» Limitation of the minimum value of the control signal and
« Limitation of the variance.
One method s to choose the control as

u(?,‘) _ { Lim - Sign(ucautious) 1f ‘ucaunousl < i“lim‘
Y cautious it ‘ucautjousl 2 |ulim‘

This will give an extra probing signal if the cautious controller gives too small
an input signal.

Different ways to constrain the minimization by using the P-matrix have
been suggested, For instance, the one-step loss of Eg. (7.14) can be minimized
under the constraint that

trPYt+2)2 M

P~! is proportional to the information matrix. The constraint on the trace of
P! means that the information about the parameters is always larger than
some chosen value M. A similar approach is to constrain only the variance of
b{) io

ybi(t + 2) if pa, (2 + 1) < B3(t + 1)

apy, (t+ 1) otherwise

pbo(t-ﬁ—z} < {

These modifications of the cautious controller have the advantage that the con-
trol signal can be easily computed, but the algorithms will centain application-
dependent parameters that have to be chosen by the user. Finally, the approx-
imations will not prevent the turn-off. The extra perturbation is not activated
until the turn-off oceurs.

Extensions of the Loss Function

An approach that is similar to constrained minimization is to extend the loss
function to prevent the shortsightedness of the cautious controller. One obvious
way is to try te solve the two-step minimization problem. The derivation in
Section 7.4 shows that it is not possible to get an analytic solution when N = 2
in Eq. (7.8).

Another approach is to extend the loss function with a function of P(t +2),

which will reward good parameter estimates. The following loss function ¢an
be used:

min E{(3(¢ + 1) —ue(t + D) +p/ (P +2) 01} (7.19)
where p is a fixed parameter. Since the crucial parameter is by, we can use

fP(E+2)) = pylt +2)

or
Pt +2)

FPUE2) = Fap )

(7.20)



7.6 Examples 365

This leads te 2 loss function with two local minima; it is necessary to make a
numerical search for the global minimum, It is possible to utilize the structure
of the problem and make a serial expansion up to second order of the loss
funetion. The expansion gives a simple noniterative subeptimal dual controller
in which the increase in computations compared with a self-tuning or cautious
regulator is very moderate.

Two similar appreaches are to modify the loss functions to

a detP{£+l .
Jmig)E{{ (£ +1) —uc(t+1)° - m‘y} (7.21)
and
min £ ({6 + 1) — e (2 + 102 — pe2(t + 1 p} (1.22)

respectively. The mnovation £(¢ + 1} is defined as
e+ 1) =yt + 1) - pT (2@ + 1)

Both these loss functions lead to quadratic criteria that make il possible to
derive simple analytic expressions for the control signal.

Serial Expansion of the Loss Function

The suboptimal dual controllers discussed above have been derived for the
input-output model of Eq. (7.1). Suboptimal dual controllers have also been
derived for state space models. One approach is to make an expansion of the
loss function in the Bellman equation. Such an expansion can be done around
the certainty equivalence or the cautious controllers. This approach has mainly
been used when the control horizon N is rather short, usually less than 10.
One reason is the quite complex computations that are involved.

Summary

There are many ways to make suboptimal dual controllers. Most of the ap-
proximations that are discussed start with the cautious controller and try to
introduce some active learning. This can be done by including a term in the
loss function that reflects the quality of the estimates. This term should also be
a function of the control signal that is going to be determined. The suboptimal
controllers should aiso be such that they can be used for higher-order systems
without toe much computation.

7.6 EXAMPLES

Some examples are used to illustrate the properties of the controllers discussed
in this chapter.
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EXAMPLE 74  Optimal dual controller

The first example is a numerically solved dual control problem from Astrim
and Helmersson (1982). Consider the integrator in Example 7.2. The gain is
assumed to be constant but unknown, that is, ¢, = 1 and By = 0. It is assumed
that the parameter b is a random variable with a Gaussian prior distribution;
the conditional distribution of &, given inputs and outputs up to time ¢, is
Gaussian with mean &(¢) and covariance P(£). The hyperstate can then be
characterized by the triple (y(2), (¢}, P(t)). The equations for updating the
hyperstate are given by Eqgs. (7.9).
Define the loss function

t+ N
VN—mmEI 2(k)|9@}

k t+1

where 7, denotes the data available at time ¢, that is, {¥(2), y(z - 1), ...}. By
introducing the normalized variables

n=y/VR: B=b/VF u=-ubly

it can be shown that Vy depends on 7 and § only. Further introduce the
normalized innovation

oyt + 1) - ¥(6) - b)u()
&lt) = Ry 1 u(t)2P(t)

For R; = 1 the Bellman equation for the problem can be written as

Vn(n.B8) = ngn Un(n.8.4)

where
Vo(n.B) =0

and

2.9 o
Un(n.fou) = 14?0 -+ £51 - f V107, Ba)8(s) ds

where ¢ is the normal probability density with zero mean and unit variance

and
2n2
ﬂpzn—ﬂn"'s ﬁz
22
/ n
ﬁpzﬁ 1+#ﬁ72? "%S

Notice that 7, and j§, are the one-step-ahead predicted values of 7 and 3.
When the minimization is performed, the control law is obtained as

-G

#w(n,B) = arg min Un{n. 8. 1)
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Figure 7.5 Illustration of the cautious control and dual control laws when
(@) N = 1; (b) N = 3; (c) N = 6; and (d) N = 31. The control signal is shown
as a function of 7’ = /(1 + 1) and B’ = B%/(1 + B*). The control signal is
limited, which explains the plateaus.

The minimization can be done analytically for N = 1, giving

22,2 2
#1(n, B) = arg min (1 + 01— p)?+ IIBZ ) __B
The original variables give

1 B2(t + 1)
bz +1) b2(t+1)+P(t+1)

u(t) = - y(@) .
This control law is the one-step control, or myopic control, derived in Exam-
ple 7.2.

For N > 1 the optimization can no longer be done analytically. Instead,
we have to resort to numerical calculations. Figure 7.5 shows the dual control
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laws obtained for different time horizons N. The discontinuity of the control
law corresponds to the situation in which a probing signal is introduced to
improve the estimates,

The certainty equivalence controller

u(ty = —yit)/b
can be expressed as
=1

in normalized variables. Notice that al! control laws are the same for large
., that is, if the estimate is accurate. The optimal control law is close to the
cautious control for large control errors. For estimates with poor precision and
moderate control errors, the dual control gives larger control actions than the
other control laws. The optimal dual controller has been computed on a Vax
11/780. The normalized variables i7 and f are discretized inlo 64 values each.
The control table and the loss function table are thus of dimension 64 x 64.
One iteration of the Belliman equation takes about 6 hours of CPU time. O

EXAMPLE 75  Probing

An interesting feature of the dual control law is that it behaves quite differently
from the heuristic algorithms. The most significant feature is the probing that
takes place to gain more information about the unknown parameters. The
effect of probing is most significant when the output y is small. Probing can
be illustrated by using the results of Example 7.4. Both the cautious and
certainty eguivalence control laws are continuous in y and zero for y = 0.
However, the dual control law is very different. To show this, consider the
control signal for y = 0—. Figure 7.6 shows the control signal for y = 0— as a
function of the normalized parameter precision, § = &/ VP, for different time
horizons. All control laws give zero control signal when the parameter estimate

Figure 7.6 Control signal as a function of the normalized parameter preci-
sion A for optimal contrel laws for different time horizons.
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is reasonably precise. However, for uncertain estimates, the control signal is
different from zero, and the transition is discontinuous. This discontinuity can
be used to define a probing zone. Notice that the probing zone increases with
increag.ing time horizon. For N = 31, probing occurs when 8 < 1.3, that is,
when b < 1.3vP. 0O

EXAMPLE 7.6  Time-varying patameters

The system in Examples 7.2 and 7.3 will now be controlled by a suboptimal
dual contreller that minimizes Eq. {7.19), with fF(P(¢ + 2)) given by Eqg. (7.20).
(See Wittenmark and Elevitch (1985).) Figure 7.7 shows the same experiment
using the same noise sequences as in Fig. 7.4. With the suboptimal dual
controller there is no tendency toward turn-off. The simulation in Fig. 7.7
shows that the suboptimal dual controller is much better than the cautious
controller. Comparisons using Monte Carle simulations have alsc been done
with the numerically computed optimal dual controller, The result is that the
suboptimal dual controller is as good as the numerically computed optimal
controller, A summary of some simulations is shown in Fig. 7.8, which shows
mean values and standard deviations of the loss when the standard deviation
of the parameter noise R; is changed. It is assumed that

¢ = v1-R,

10 ; ¥ 2 J b
—10 =2
T T T T T T T T
0 100 200 300 400 0 L) 200 300 400
" Time . Time
10 24 b
-1 )
T T T 1 T T T T
0 10 200 300 400 0 100 200 300 400
Time Time
| 2000
a2
& Pe 1000 _FJ%:},\,_,/
0 0

T T T 1 T 1 L) T
0 100 200 300 400 0 100 200 300 400
Time Time
Figure 7.7 Simulation of the integrator with time-varying gain using a
suboptimal dual controller. Compare Fig. 7.4.

370 Chapter 7 Stochastic Adaptive Control

Loss/step
107

(a)e—r—n

(C.}--—u--- {

Le {1 ! | }

04— —

! 1 I T T
0.003 01 0.2 0.3 .4 0.5 p

Figure 7.8 The mean values and standard deviations of the losses for
Monte Carlo runs with different values of F; for the system in Example
7.6. {a) Cautious controller. (b) Suboptimal dual controller rem Wittenmark
and Elevitch {1985). {c} Numerically computed optimal duai controller from
Astrom and Helmersson (1982).

For Ry = 0.003 there is good agreement between the suboptimal controller
and the optimal dual centroller that was derived under the assumption that
R = 0. The optimal dual controller from Example 7.4 corresponds to Ky = 0.
The cuntroller obtained has becn used also for VR, = 0.004.

In Eq. (7.200, Re/pe, (¢ + 1) i3 used as a normalization factor in the term
added to the loss function. The reason is an attempt to preserve a property of
the dual optimal controlier. [n Example 7.4 the loss Vy was a function of the
normalized variables 77 and 8. The loss function of Eq. (7.19) with Eq. (7.20}
will also have this property for the integrator example. Simulations indicate
that the normalization in Fq. {7.20) also makes the choice of p less crucial, O

7.7 CONCLUSIONS

Optimal multistep controllers have been derived by using stochastic control
theory. The solution is defined through the Bellman equation. This functional
squation is difficult to solve even for very simple systems. The optimal sclution
has some interesting properties; it makes a compromise between good control
and good estimation by introducing probing actions. This dual effect is of great
importance, since it introduces an active learning feature into the controller.
It is important to preserve this dual feature when suboptimal controllers are
considered. The cautious or one-step controller dees not have any asctive learn-
ing; the control may instead be turned off when the parameler uncertainties
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become too large. One important question is whether it is worth the effort
to look at more elaborate control structures than the certainty eguivalence
controllers. The self-tuning regulators perform very well, as can be seen in
Chapters 3, 4, and 6. The extra computations are not too extensive in several
of the suboplimal dual controllers discussed in Scetion 7.5. This indicates that
active learning can easily be included.

There are two situations in which dual control can pay off. One is when
the time horizen is very shert, in which case it is imporiant to get good
parameter estimates immediately. Areas in which this is the case arc economic
systems and control of missiles. The other situation in which dual features
are important is when the parameters are varying rapidly and when the bg
parameter can change sign, as in the simulations given in Section 7.6. Grinders
are one type of physical process in which the gain may change sign. Grinders
are common, for instance, in the mining, pulp, and paper industries.

Even if the optimal dual controller iz impossible to calculate for realistic
processes, it gives important hints about how to make scnsible modifications
of certainty equivalence and cautious controllers.

PROBLEMS

7.1 Discuss possible difficulties of extending the problem given in Section 7.3
to the ease in which the system in Eq. {7.1) has an additional time delay.

7.2 Show that the cautious controller of Eq. {7.15) minimizes the loss function
of Eq. (7.14) and that the minimum value of the loss function is Eq. (7.16).

7.3 Conaider the process in Example 7.2, but with a constant but unknown

gain &. Calculate and compare the minimum values of the loss function
when

(a) the parameter b is known (i.e., the minimum-variance controller}),
{b) the certainty equivalence controller is used,
{c) the cautious controller is used.

7.4 Compute the suboptimal control law that minimizes the loss function of
Eq. (7.21). (Hint: See Goodwin and Payne (1977), p. 296.)

7.5 Compute the suboptimal control law that minimizes the loss function of
Eq. (7.22). (Flint: See Milito et al. (1982).)

7.6 Assume that the process is described by one of the known models

¥(t) = p(0)8: + et i=1....m
but it is not known which is the correct one. Let the initial information be
described by the probabilities p; = P(6 = 6;). Formulate the dual control

problem and discuss the computational difficulties associated with the
solution.
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9.7 Discuss the consequences of formulating the dual control problem for the
model

x(t + 1) = ©(thx(t) + T{t)u(f)
y(t) = C{i)x(t) +e({)
where ®, T, and { contain some unknown parameters. For simplicity,

consider the case in which the system is given in controllable canonieal
form, that is,

—ai{t) -—az(t) ... —aalt)
1 0 0
() =
o . 1 0

I7) = (bo() - bamsit) ]
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CHAPTER 8

AUTO-TUNING

8.1 INTRODUCTION

Adaptive sechemes like MRAS and STR require a priori information about the
process dynamies. It is particularly important to know time scales, which are
critical for determining suitable sampling intervals and filtering. The impor-
tance of a priori information was overlooked for a long time but became appar-
ent in connection with the development of general-purpose adaptive controllers.
Several manufacturers were forced to introduce a pre-tune mode to help in ob-
taining the required prior information. The importance of prior information
also appeared in connection with attempts to develop techniques for automatic
tuning of simple PID regulators. Such regulators, which are standard building
blocks for industrial automation, are used to control systems with a wide range
of time constants,

From the user’s point of view it would be ideal to have an auto-tuning
function in which the regulator can be tuned simply by pushing a button, Al-
though conventional adaptive schemes seemed to be ideal tools to provide au-
tomatic tuning, they were found to be inadequate because they required prior
knowledge of time scales. Special techniques for automatic tuning of simple
regulators were therefore developed, These techniques are also useful for pro-
viding pre-tuning of more complicated adaptive systems. In this chapter we
describe some of these techniques. They can be characterized as crude robust
methods that provide ballpark information. They are thus ideal complements
to the more sophisticated adaptive methods. An overview of industrial PID
controllers with auto-tuning is given in Section 12.3.

The chapter is organized as follows: The standard PID controller is dis-
cussed in Section 8.2. Different auto-tuning techniques are given int Section
8.3. Transient and frequency response methods for tuning are developed in
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Sections 8.4 and 8.5, respectively, and Scetion 8.6 is devoted to analysis of
relay oscillations. Conelusions are presented in Section 8.7.

82 PID CONTROL

The PID controllers are the standard tool for industrial automation. The flexi-
bility of the controller makes it possible to use P1D control in many situations.
The controllers can also be used in eascade control and other controller con-
figurations. Many simple control problems can be handled very well by PID
control, provided that the performance requirements are not too high. The PID
algorithmn is packaged in the form of standard regulators for process control
and is also the basis of many tailer-made control systems. The texthaook version
of the algorithm is

t

wlt) = K. | et) + % /e(s) ds + Ty %‘; (8.1)

H

0

where u is the control variable, e is the crror defined as e = u, — v where
. is the reference value, and y is the process output. The algorithm that is
actually used contains several medifications. It is standard practice to let the
derivative action operate only on the process output. Tt may be advantageous
to let the proportional part act only on a fraction of the reference value. The
derivative action is replaced by an approximation that reduces the gain at high
frequencies. The integral action is modified so that it does net keep integrating
when the control variable saturates (anti-windup). Precautions are also taken
so that there will not be transients when the regulator is switched from manual
to automatic control or when parameters are changed.

If the nonlinearity of the actuator can be deacribed by the function f, a
reasonably realistic PID regulator can be described by

uft) = flr{t)

v(t) = P{) + I{t) + D() (8.2)
where
P(t) = Kr {Jﬁuc(t) - y(t))
di K. 1
FCT (.t} — y(E)) + T, (v(t) ~ ult)) {8.3)
T, dD dy
-I_VL o = D-KTa

The last term in the expression for d /d¢ is introduced to get anti-windup when
the output saturates. This guarantees that the integral part I is bounded. The
parameter 7, is a time constant for resetting the integral action when the
actuator saturates. The essential parameters to be adjusted are K., 7\, and T},
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The parameter N can be fixed; a typical value is & = 10. The tracking time
constant is typically a fraction of the integration time 7.

8.3 AUTO-TUNING TECHNIQUES

Several ways to do auto-tuning have been proposed. The most common method
is to make a simple experiment on the process. The experiment can be done
in open leop or closed loop. In the open-loop experiments the input of the
process is excited hy a pulse or a couple of steps. A simple process model, for
instance of second order, is then estimated by using recursive least squares
or some other recursive estimation method. If a second-order process model
is estimated, then the PLD controller can be used to make pole placement.
The speed and the damping of the system are then the design parameters. A
popular design method is to choose the controller zeros such that they cancel
the two process poles. This gives goed responses to setpoint changes, while the
response iv load disturbances is determined by the open-loop dynamics. The
transient response method for automatic tuning of PID regulaters is used in
products from Yokogawa, Eurotherm, and Honeywell. [t is used for pre-tuning
in adaptive contrellers from Leeds and Nerthrup and Turnbull Control.

The tuning experiments can also be done in closed loop. A typical example
of this is the self-oscillating method of Ziegler and Nichols or its variants, The
relay auto-tuner based on self-oscillation is used in products from SattControl
and Fisher-Rousemount. In these regulators the tuning is initiated simply by
pushing the tuning button. One advantage of making experiments in closed
loop is that the output of the process may be kept within reasonable bounds,
which can be difficult for processes with integrators if the experiment is done
in open loop.

The auto-tuning function is often a built-in feature in standard stand-alene
PID controllers. Automatic tuning can also be done by using external equip-
ment. The tuner is then connected to the process and performs an experiment,
usually in open loop. The tuner then suggests parameter setlings, which are
transferred to the PID controller either manually or automatically. Since the
external tuner must be able to work with PID controllers from different man-
ufacturers, it is important that the tuner have detailed information about the
implementation of the PID algorithm in specific cases.

Another method for auto-tuning is to use an expert system to tune the
controller. This is done during normal operation of the process. The expert
system waits for setpoint changes or major load disturbances and then eval-
uates the performance of the closed-loop system. Properties such as damping,
period of oseillation, and static paiu are estimated. The controller parameters
are then changed according to the built-in rules, which mimic the behavior of
an experienced control engineer. Pattern recognition or expert system is used
in controllers from Foxboro and Fenwal.
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8.4 TRANSIENT RESPONSE METHODS

Several simple tuning methods for PID controllers are based on transient
response experiments, Many industrial processes have step responses of the
type shown in Fig. 8.1, in which the step response is monotonous after an
initial time. A system with a step response of the type shown in Fig. 8.1 cap
be approximated by the transfer function

& sl

Gls) = Tope (8.4)

where % is the static gain, L is the apparent time delay, and T is the apparent
time constant. The parameter ¢ is given by

a:k% (8.5

The Ziegler-Nichols Step Response Method

A simple way to determine the parameters of a PID regulator based on step
response data was developed by Ziegler and Nichols and published in 1942,
The method uses only two of the parameters shown in Fig. 8.1, namely, ¢
and L. The regulator parameters are given in Table 8.1. The Ziegler-Nichols
tuning rule was developed by empirical simulations of many different systems.
The rule has the drawback that it gives closed-loop systems that are often too
poorly damped, Systems with better damping can be obtained by modifying
the numerical values in Table 8.1. By using additional parameters it is also
possible to determine whether the Ziegler-Nichols rule is applicable. If the
time constant T is also determined, an empirical rule is established that the

0.63k

Y

Time

Figure 8.1 Unit step response of a typical industrial process.
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Table 8.1 Repulator parameters obtained by the Ziegler-Nichols step re-
sponse method.

Controller K, T, Ty
P 1/a
Pl 0.9/a 3L
PID 12/c 2L L;2

Ziegler-Nichols rule is applicable if 0.1 < L/T < 0.6, For large values of L/T' it
is advantageous to use other tuning rules or control laws that compensate for
dead time. For gmall values of L/T, improved performance may be chtained
with higher-order compensators. It is also possible to use more sophisticated
tuning rules based on three parameters.

Characterization of a Step Response

The parameters &, L, and T can be determined from a graphical construction
such as the one indicated in Fig. 8.1. It may be useful to take averages of
several steps if the signals are noisy. There are also methods based on area
measurements that can be used. One method of this type is illustrated in
Fig. 8.2. The area A is first determined. Then

4o

T+L="5%" (3.6)

The area A; under the step response up to time T + L is then determined, and
T is then given by
€A1

r- (8.7)

where e is the hase of the natural logarithm. The essential drawbacks of the
method are that it may be difficult to know the size of the step in the control

Figure 8.2 Area method for determining L and T
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signal and to determine whether a steady state has been reached. The step
should be so large that the response is clearly noticeable above the noise but
not &0 large that production is disturbed, Disturbances will also influence the
result significantly.

On-line Refinement

If a reasonable regulator tuning is obtained, the damping and natural fre-
quency of the closed-loop sysiem can also be determined from a closed-loop
transient response. The regulator tuning can then be improved.

8.5 METHODS BASED ON RELAY FEEDBACK

The main drawback of the transient response method is that it is sensitive
to disturbances because it relies on open-loop experiments. The relay-based

methods avoid this difficulty because the required experiments are performed
in closed loop.

The Key Idea

The basic idea is the observation that many processes have limit eycle oseil-
lations under relay feedback. A block diagram of such a system is shown in
Fig. 8.3, The input and output signals obtained when the command signal u.
is zero are shown in Fig. 8.4. The figure shows that a limit cyele oscillation is
established quite rapidly. We can intuitively understand what happens in the
following way: The input to the process is a square wave with frequency ... By
a Fourier series expansion we can represent the input by a sum of sinusoids
with frequencies @, 3w., and so on. The output is approximately sinusoidsl,
which means that the process attenuates the higher harmonics effectively. Let
the amplitude of the square wave be d; then the fundamental companent has
the amplitude 4d /7. Making the approximation that all higher harmonics can

U +d t‘— [ | ¥
—- - (MY
|2 {=)

Figure 8.3 Linear sysiem with relay control.
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Figure 8.4 Input and output of a system with relay feedback.

be neglected, we find that the process output is a sinusoid with frequency w,
and amplitude

a =2 |GG,

To have an oscillation, the output must also go through zero when the relay
switches. Moreover, the fundamental component of the input and the output
must have apposite phase. We can thus conclude that the frequency w, must
be such that the process has a phase lag of 180°. The conditions for oscillation

are thus

: — _ Gl L ar _1_ 3.8)

arg Giw,) = -r  and  |Glw,) = " K (8.

where K, can be regarded as the equivalent gain of the relay for transmission
of sinuscidal signals with amplitude a. For historical reasons this parameter
is called the ultimate gain. It is the gain that brings a system with transfer
function G(s) to the stability boundary under pure proportional control. The
period T, = 27 /w, is similarly called the ultimate period. An experiment with
relay feedback is thus a convenient way to determine the ultimate period and
the ultimate gain. Notice also thal an input signal whose energy content is
concentrated at w, is generated automatically in the experiment.

The Ziegler-Nichols Closed-Loop Method

Ziegler and Nichols have devised a very simple heuristical method for deter-
mining the parameters of a PID controller based on the critical gain and the
critical period. The controller settings are given in Table 8.2, These parame-
ters give a closed-loop system with quite low damping. Systems with better
damping can be cbtained by slight modifications of the numbers in the table.
A modified method of this type is ideally matched to the determination of K,
and T, by the relay method. This gives the relay auto-tuner shown in Fig. 8.5.
When tuning is demanded, the switch is set to 7', which means that relay feed-
back is activated and the PID regulator is disconnected. When a stable limit
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Table 8.2 Regulator parameters obtained by the Ziegler-Nichols closed-loop

method.
Controller K. T. T
P 05K,
PI 04K, 08T,
PID 06K, 05T, 0127,

cycle is established, the PID parameters are computed, and the PID controller
is then connected to the process. Naturally, the method will not work for all
systems. First, there will not be unigue limit cycle oscillations for an arbitrary
transfer function. Second, PID control is not appropriate for all processes. Re-
lay auto-tuning has empirically been found to work well for a large class of
systems encountered in process control.

The Method of Describing Function

The approximative method used to derive the conditions for relay oscillations
given by Eqs. (8.8) is called the method of harmonic balance. We will now
describe a slight variation of the method that can be used to obtain additional
insight. This is called the describing function method. It can be described as
follows: Consider a simple feedback system composed of a linear part with the
transfer function G{s) and feedback with an ideal relay as shown in Fig. 8.3.
The conditions for limit cycle oscillations can be determined approximately
by investigating the propagation of sinusoidal signals around the loop. There
will be higher harmonics hecause of the relay, but they will be neglected.
The propagation of a sine wave through the linear system is described by
the complex number G{(iw). Similarly, the propagation of a sine wave through

PID r—l
A 3 Process 24
Pl
Relay

.
L

Figure 8.5 Block diagram of a relay auto-tuner.
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N
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Figure 8.6 Nyquist curve G(jw) and the describing function N{a) for a
relay.

the nonlinearity can also be characterized by a complex number N(a), which
depends on the amplitude of the signal at the input of the nonlinearity. N(a) is
called the deseribing function of the nonlinearity. The condition for ascillation
is then that the signal comes back with the same amplitude and phase as it
passes the closed loop. This gives the condition

Gliw)N(a) = -1

This condition can be represented graphically by alsa plotting the curve N{g)
in the Nyquist diagram. (See Fig. 8.6.) For the relay the nonlinearity is

4d
N((I) = E

because a is the input signal amplitude and the fundamental component of the
output has amplitude 4d/7. A possible oscillation is at the intersection of the
curves. The frequency is read from the Nyquist curve and the amplitude from
the describing function.

EXAMPLE 8.1  Relay oscillation
Consider a system with relay feedback as in Fig. 8.3 with

Ko
Gl) = E(s +1)(s + o)

K =50 =10, d = 1, and u, = (. This was the system used to generate
Fig. 8.4, Simple calculations show that

. ?r — w“
arg Glio.) = -5 - tan~' @, — tan? e
z @l + 1)
= - —tan ! 2" =
2 o - w
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This imphies that the Nyguist curve intersects the negative real axis for @, =
vor. The approximative analysis thus gives the following estimate of the period:

A

vo o Ja
Using Eys. (8.8) gives a = 4d|G(iw,}|/x = 0.58. From the simulations it can
be determined that the true values are T, = 2.07 and «¢ = .62, which show
that the deseribing function method gives fair but not very accurate estimates
in this example. 0

=199

Several refinements of the method are useful. The amplitude of the limit
cycle oscillation can be specified by introducing a feedback that adjusts the
relay amplitude. A hysteresis in the relay is useful to make the system less
sensitive to noise. The parameters T, and K, can be used to determine the
parameters of a PID regulator. The method can be made insensitive to distur-
bances by comparing and averaging over several periods of the oscillation.

EXAMPLE 82  Auto-tuning of cascaded tanks

The properties of a relay auto-tuner are illustrated by an example. The process
to be controlled consists of three cascaded tanks. The level of the lower tunk is
measured, and the control variable is the voltage to the amplifier driving the
pump for the inlet. The signals are noisy. The relay in the auto-tuner has a
hysteresis, which is determined automatically en the basis of measurements of
the process disturbances. The relay amplitude is also adjusted automatically
te keep a specified amplitude of the limit cycle. The limit cycle is judged to
be stationary by measuring the periods and amplitudes of two positive half-
periods. Figure 8.7 shows the process inputs and outputs in one experiment,
llustrating the effect of amplitude adjustment. When the tuning is finished,

b Tuning PID control
1 - . - . e
v i,
0 T r——ion
0 100 200 s
i
" W
0 T —-
0 10 200 s

Figure 8.7 Rcsults obtained by applying an aulo-luner to level control of
three cascaded tanks.
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the regulator is switched to PID control automatically. A change of the setpoint
shows that the tuning has been successful. O

Improved Estimates and Pre-tuning

So far, only two parameters, K, and 7, have been extracted from the relay
experiment, Much more irformation can be obtained. By changing the setpoint
during the relay experiment it is possible to determine the static process
gain k. The product 2K, can then be used to assess the appropriateness of
PID control with Ziegler-Nichols tuning. A commen rule is that the Ziegler-
Nichols method can be used if 2 « kK, < 20. Values that are lower than
2 indicate that a contrel law that admits dead-time compensation should he
used. Large values of 2K, indicate that improved performance can be obtained
with a more complex eantrol algorithm. The relay experiment can also be
used to estimate a discrete-time transfer funétion by using standard system
identification methods.

The relay method is ideally suited as a pre-tuner for a more sophisticated
adaptive controller. A model such as Eq. (8.4) is very useful to select the sam-
pling period and achievable closed-loop response for an MRAS or an 8TR. It
provides a PID controller that can serve as a backup controiler. If the static
gain is also determined, the quantity 2K, can be used to assess the process
dynamics. The ultimate period can be used to obtain an estimate of an appro-
priate sampling period. Parameter estimates that can serve as initial values
in the recursive parameter estimator can be obtained by applying a parame-
ter estimalion method to the data from the relay experiments. If an adaptive
controller based on a pole placement design is used, the ultimate period can
also be used to find appropriate values of desired closed-loop bandwidths.

8.6 RELAY OSCILLATIONS

Since limit cycling under relay feedback is a key idea of relay auto-tuning, it 1s
important to understand why a linear system oseillates under relay feedback
and when the oscillation is stable. It is also important to have methods for
determining the pericd and the amplitude of the oscillations. Consider the

system shown in Fig. 8.3. Introduce the following state space realization of the
transfer function G{s):

dx

“k_ A

i x+ Bu (3.9)
y=Cx

The relay can be described hy

_ d ife>0
“= { ~d ife<?0
where ¢ = u, — v. We have the following result.

(8.10)
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THEOREM 81 Limit cycle period

Assume that the system defined in Fig. 8.3 and by Egs. {8.9) and (8.10) has a
symmetric limit cycle with period T'. The period T is then the smallest value
of T > 0 that satisfies the equation

CI+®) T =0 (8.11)
where
D = EAT/Q
and
T2
T = fe“““ ds B
0

Proof: Let t, denote the times when the relay switches. Since the limit cycle
is gymmetric, it follows that

tre1 — it = T/2

Assume that the control signal u is ¢ over the interval (£, £x,1). Integration
of Bgs. (8.9) over the interval gives

x{fr 1) = @x(ty) + Td
Since the limit cycle is symmetric, it also follows that

x(thr1) = —x(te)

Hence
x(tg) = -0 + (D)‘Il“d

Since the output y(Z) must be zero at &, it follows that
y(ty) = Cxity) = ~C{I + @) 'Td = 0
which gives Eq. (8.11). !
Remark 1. The condition of Eq. (8.11) can also be written as
Hrppp(-1} =0 (8.12)

where Hrp(z) is the pulse transfer function obtained when sampling the

system of Eqgs. (8.9) with period T /2.

Remark 2. The result that the period is given by Eq. (8.12) also holds for

linear systems with a time delay, provided that 7'/2 is larger than or equal to

the delay.

Remark 3. Similar conditions can also be derived for relays with hysteresis.
0O
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Comparison with the Describing Function

Having obtained the exact formula of Eq. (8.11) for T, it is possible to in-
vestigate the precigion of the describing function approximation. Consider the
symmetric case and introduee h = T/2. The pulse transfer function obtained
in sampling the system of Eqs, {8.9) with period % is given by
H, {esh) - 1 5 . l_ [1 _ p—h{sﬁnth) G [.‘:‘ + e }
b S~ s +ina; ' *

where @, = 2x/h. Put sh = iz

2 o+ 2nr
(=Y g )

L

i, E;?ujizn) Im (G (if—*}f””)) -0

a

The first term of the series gives

Ha(<1) = ;L_Im (6 (i) = %Im (G (3,;5)) oy

which is the same result for calculation of T obtained from the describing
funetion analysis. This implies that the describing function approximation is
accurate only if G(s) has low-pass character. An example illustrates determi-
nation of the period of oscillation.

EXAMPLE 83  Limit cycle period

Consider the same process as in Example 8.1. To apply Thecrem 8.1, the system
G(s) is sampled with period A. The pulse transfer function is

_ Kh Ka(l —e¢™) K{-eh)
i) = o) " a-e-eh) T a@- DG e ™)

Hence

Kh  Ka{l—e™) K(1—e @)

(1) = -5+ (@ ~1)(1+eh)  ofa- (L +eh)

[

Kh Ko l-e* 1 1-e™ <0
2 T a—-1\l+e?t a¥l4iean})

Numerical search for the value of i that satisfies this equation gives i = 1.035.
This gives T, = 2.07, which agrees with the simulation in Fig. 8.4 o

Stable periodic olutions will not be obtained for all systems. A double
integrator under pure relay control, for example, will give periodic solutions
with an arbitrary period.
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8.7 CONCLUSIONS

In this chapter we have described simple robust methods that can be used
to get crude estimates of process dynamics. The methods can be used for
automatic tuning of simple regulators of the PID type or as pre-tuners for
more sophisticated adaptive control algorithms. Two types of methods have
been discussed: a transient method based on open-loop step tests and a closed-
leop method based on relay feedback.

PROBLEMS

8.1 Consider a process characterized by the transfer function

k
1+sT

Show that parameters T and L are exactly given by Eqgs. (B.6) and (8.7).

8.2 Consider a process with the transfer function

n 1 .
G(b} :k];Il me L

Show that Eq. (8.6) gives

e sL

Gis) =

T+ L :ZT,,+L
k=1

8.3 Consider a process described by the transfer function

G(s) = iz—e_“'[‘

Determine a proportional regulator that gives an amplitude margin A,; =
2. Show that 1t is identical to the setting obtained by applying the Ziegler-
Nichols rule in Table 8.2.

B.4 Determine the period of the limit cycle obtained when processes with
transfer functions

@ G=%et G(s)z.(s,:flﬁ © G{s)=£§

are provided with relay feedback. Use both the approximate and exact
methods.

8.6 Consider a process with the transfer function given in Problem 8.3 Deter-

mine a proportiona! regulator cbtained with the Ziegler-Nichols method
given in Table 8.2.
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CHAPTER 9

GAIN SCHEDULING

9.1 INTRODUCTION

In many situations it is known how the dynamics of a process change with the
operating conditions of the process. One source for the change in dynamics may
be nonlinearities that are known. It is then possible to change the parameters
of the controller by menitoring the operating conditions of the process. This idea
i called gain scheduling, since the scheme was originally used to accommodate
changes in process gain only. Gain scheduling is a nonlinear feedback of special
type; it has a linear controller whose parameters are changed as a function
of operating conditions in a preprogrammed way. The idea of relating the
controller parameters to auxiliary variables is old, but the hardware needed
to implement it easily was not available until recently. To implement gain
scheduling with analog techniques, it is necessary to have function generators
and multipliers. Such components have been guite expensive to design and
operate. Gain scheduling has thus been used only in special eases, such as in
autopilots for high-performance aircraft. Gain scheduling is easy to implement
in computer-controlied systems, provided that there is support in the available
software.

Gain scheduling based on measurements of operating conditions of the
process is often a good way to compensate for variations in process parameters
or known nonlinearities of the process. It is controversial whether a system
with gain scheduling should be considered an adaptive system or not, because
the parameters are changed in an open-loop or preprogrammed fashion. If
we use the informal definition of adaptive controllers given in Section 1.1,
gain scheduling can be regarded as an adaptive controller. Gain scheduling
ig a very useful technigque for reducing the effects of parameter variations.
In fact it is the foremost method for handling parameter variations in flight

390
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con.t,rol systems. There are also many commereial process contrel systems in
Whlc.h gain scheduling can be uged to compensate for static and dynamic
nonlinearities. Split-range controllers that usc different sets of parameters
for different ranges of the process output can be regarded as a special type of
gain-scheduling controllers.

. Section 9.2 gives the principle of gain scheduling. Different ways to de-
sign systems with gain scheduling are treated in Section 9.3, and Section 9.4
gives a method based on nonlincar transformations. Section 9.5 deseribes some
applications of gain scheduling. Conclusions are given in Section 9.6.

9.2 THE PRINCIPLE

It is sometimes posstble to find auxiliary variables that correlate well with
the changes in process dynamics. It is then possible to reduce the effects of
parameter variations simply by changing the parameters of the controller as
functions of the auxiliary variables (see Fig. 9.1). Gain scheduling can thus be
viewed as a feedback control system in which the feedback gains are adjusted
!;)y using feedforward compensation. The concept of gain scheduling originated
in connection with the development of flight control systems. In this application
the Mach number and the dynamic pressure are measured by air data sensors
and used as scheduling variables.

A main problem in the design of systems with gain scheduling is to find
suitable scheduling variables. This is normally done on the basis of knowledge
of the physics of a system. In process control the production rate can often
be chosen as a scheduling variable, since time constants and time delays are
often inversely preportional to production rate. (Compare Example 1.5.)

Controller
parameters Gain
schedule |
Operating
condition
Command ¥
signal Qontr]nl
——] signa
o Controller BNA o Process Output

Fig.ur.e 9.1 Block diagram of a system in which influences of parameter
variations are reduced by gain scheduling,
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When scheduling variables have been determined, the controller parame-
tors are caleutated at a number of operating conditions by using some suitable
design method. The controller is thus tuned or calibrated for each operating
condition. The stability and performarce of the system are typically evaluated
by simulation; parlicular attention is given to the transition between differ-
ent operating conditions. The number of entries in the scheduling tabley is
increased if necessary. Notice, however, that there is no feedback from the
performance of the closed-loop systern to the controller parameters.

It is sometimes possible to obtain gain schedules by introducing nonlinear
transformations in such a way that the transformed system does not depend
on the operating conditions. The auxiliary measurements are used together
with the process measurcments to caleulate the transformed variables. The
transformed control variable is then calculated and retransformed before it
is applied to the process. The controller thus obtained can be regarded as
being composed of two nonlinear transformations with a linear controller in
between. Sometimes the transformation is based on variables that are obtained
indirectly through state estimation. Examples are given in Sections 9.4 and 9.5.

One drawback of gain scheduling is that it is an open-loop compensation.
There is no feedback to compensate for an incorrect schedule. Another draw-
back of gain scheduling is that the design may be time-consuming. The con-
troller parameters must be determined for many operating conditions, and the
performance must be checked by extensive simulations. This difficulty is partly
avoided if scheduling is based on nonlinear transformations.

Gain scheduling has the advantage that the controller parameters can he
changed very quickly in response to prucess changes. Since no estimation of
parameters occurs, the limiting factors depend on how quickly the auxiliary
measurements respond to process changes.

93 DESIGN OF GAIN-SCHEDULING CONTROLLERS

It is difficult to give general rules for designing gain-scheduling controllers.
The key question is to determine the variables that can be used as scheduling
variables. It is clear that these auxiliary signals must reflect the operating
conditions of the plant. Ideally, there should be simple expressions for how the
controller parameters relate to the scheduling variables. It is thus necessary
to have good insight into the dynamics of the process if gain scheduling is to
he used. The following general ideas can be useful:

« Linearization of nonlinear actuators,

« Gain scheduling based on measurements of auxiliary variables,

« Time scaling based on production rate, and

« Nonlinear transformations.

The ideas are illustrated by some examples.
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[
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Figure 9.2 C(Compensation of a nonlinear actuator using an approximate
inverse.

EXAMPLE 9.1 Nonlinear actuator

Consider the sysiem with a nonlinear valve in Example 1.4, The nonlinearity
is assumed to be

v = Flu) =ut ©wz0

Let f‘1 be an approximation of the inverse of the valve charactenstic. To
compensate for the nonlinearity, the output of the controller is fed through

this function hefore it is applied to the valve (see Fig. 9.2). This gives the
relation

where ¢ is the output of the PI controller. The function f(f ()} should have
less variation in gain than f. If f -1 ig the exact inverse, then v = o,

Assume that f{u) = u* is approximated by two lines (see Fig. 9.3): one
connecting the points (0, 0) and (1.3, 3) and the other connecting (1.3, 3) and

fw)

T T T L et

0 0.5 1 1.5 2
Time

Figure 9.3 The nonlinear valve characteristic v = f(z) = ¢* and a two-line
approximation f(x).
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Figure 9.4 Simulation of the system in Example 9.1 with nonlinear valve

and compensation using an approximation of the valve characteristic. Com-
pare Fig. 1.9.

(2, 18). Then

3
16

1A

Fie) = {0.4330 0D<e
0.0538¢ + 1.139 3<ce

WA

Figure 9.4 shows step changes in the reference signal at three different cp-
erating conditions when the approximation of the inverse of the valve char-
acteristic is used between the controller and the valve. (Compare with the
uncompensated system in Fig. 1.9.) There is considerable improvement in the
performance of the closed-leop system. By improving the inverse it is possible
to make the process even more insensitive to the nonlinearity of the valve. O

Exampie 9.1 shows a simple and very useful idea to compensate for known
static nonlinearities. In practice it is often sufficient to approximate the non-
linearity by a few line segments. There are several commercial single-loop
controllers that can make this kind of compensation. DDC packages usually
inelude functions that can be used to implement nonlinearities.

The resulting controller in Example 9.1 is nonlinear and should (in its
basic form) not be regarded as gain scheduling. In Example 9.1 there is no
measurement of any operating condition apart from the controller cutput. In
other situations the nonlinearity is determined from measurement of several
variables. However, a gain-scheduling controller should contain measurement
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n_:)f a variable that is related to the operating point of the process. Gain schedul-
ing based on an auxiliury signal is illustrated in the following cxample.

EXAMPLE 92  Tank system

Consider a tank in which the cross section A varies with height 4. The model
is

&
V:L A({r)dr

gV _
de
where V is the volume, g; is the input flow, and & is the cross section of the
outlet pipe. Let g; be the input, and let A be the output of the system. The

linearized model at an opcrating point, ¢¥, and A°, is given by the transfer
function

dh —
Alh) - =q. - av2gh

B
Gl =G
where
P S S
AR 2A(ORY ~ 2ARI)RD

A good PI control of the tank is given by

uif) = K (e(t) + %/e(’r)d‘r)

where
g Ho-a
B
and
n=%e-o
)

This gives a closed-loop system with natural frequency @ and relative damping
¢. Introducing the expressions for @ and 3 gives the fellowing gain schedule:

K

b @

2 1N

CoAl) - 2

r_ ¥ a4
T w 2A(ROR%e?

The numerical values are often such that & « 2{'®. The schedule can then be

simplified to

K = 20 0A{R®)
e %
ok
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In this case it is thus sufficient to make the gain proportional to the cross
section of the tank. ]

Example 9.2 illustrates that it can sometimes be sufficient to measure one
or two variables in the process and use them as inputs to the gain schedule.
Often, it is not as easy as in Example 9.2 to determine the controller parame-
ters as a funclion of the measured variables. The design of the controller must
then be redone for different working points of the process. Sume care must also
be exercised if the measured signals are noisy. They may have to be filtered
properly before they are used as scheduling variables.

The next example jllustrates that gains, delays, and time constants are
often inversely proportional to the production rate of the process. This fact can
be used to make time scaling,

EXAMPLE 93  Concentration control

Consider the concentration contrel problem in Example 1.5. The process is
deseribed by Eq. {1.3). Assume that we are interested in manipulating the
concentration in the tank, ¢, by changing the inlet concentration, ¢;,. For a
fixed flow the dynamics can be described by the transfer function

_4_1 Fel
" 1+sT

-8T

G(s)

where
T=V.,./q r =Vi/q

If 7 < T, then it is straightforward to determine a Pl controller that per-
forms well when ¢ is constant. However, it is difficult to find universal values
of the controller parameters that will work well for wide ranges of g. This is
illustrated in Fig. 1.13, which shows the step responses of a fixed-gain con-
trolter for varying flows. Since the process has a time delay, it is natural to
look for sampled data controliers. Sampling of the model with sampling period
h = V,;/(dq), where d is an integer, gives

clkh + k) = ac(kh) + (1 - a)u(kh ~ dh)

where
a=ée qh;;vm = e_vdl’l(vmd}

Notice that the sampled data model has only one parameter, a, that does not
depend on q. A constant-gain controller can easily be designed for the sampled
data system.

The gain scheduling is realized simply by having a controller with constant
parameters, in which the sampling rate is inversely proportional to the flow
rate. This will give the same response, independent of the flow, in looking at the
sampling instants, but the transients will be scaled in time. Figure 9.5 shows
the output concentration and the control signals for three different flows. To
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Figure 9.5 Output concentration and control signal when the process in
Example 9.3 is controlled by a fixed digital controller but the sampling inter-
valish = 1/{2g). (a) g = 0.5; {b)g — 1; {c) g = &

implement this gain-scheduling controller, it i3 necessary to measure not only
the concentration but also the flow. Errors in the flow measurement will result
in jitter in the sampling period. To avoid this, it is necessary to filter the flow
measurement.

The Ziegler-Nichols transient response method discussed in Section 8.4 is
based on a model with a time delay and a first-order system. Table 8.1 gives

097 09V,
K =—=
cTT Vom
3V,
T, =37 = ¢
q

That is, the integration time is inversely proportional to the flow ¢. This is the
same effect as is obtained with the discrete-time controller when the sampling
period is inversely proportional to g. (m}

In Examples 9.1 and 9.2 it was possible to determine the schedules exactly.
The behavior of the closed-loop system does not depend on the operating
conditions. In other cases it is possible to obtain only approximate relations
for different operating conditions. The design then has to be repeated for
several operating conditions to create a table, It is also necessary to interpoiate
between the values of the table to obtain a smooth hehavior of the closed-loop
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system. This can lead to extensive calculations and simulations before the full
gain schedule is obtained.

The gain schedule is usually oblained through simulations of a process
model, but it is alse possible to build up the gain table on-line. This might be
done by using an auto-tuner or an adaptive controller. The adaptive system
is used to get the controller parameters for different operating points. The
parameters are then stored for later use when the system returns to the same
or a neighboring operating point.

94 NONLINEAR TRANSFORMATIONS

It is of great interest to find transformations such that the transformed system
is linear and independent of the operating conditions. The process in Exam-
ple 9.3 is one example in which this can be done by time scaling. The obtained
sampled mode! is independent of the flow because the time is scaled as

:Et
q

This means that the key variable is distunce traveled by a particle instead of
time. All processes associated with material flows—rolling mills, band trans-
porters, flows in pipes, and so on—have this property.

A system of the form '

L0 < f i) + g (ele)ut)

can also be transformed into a linear system, provided that all states of the
system can be measured and a generalized observability condition holds. {Com-
pare Section 5.10.) The system is first transformed into a fixed linear system.
The transformation is usually nonlinear and depends on the states of the pro-
cess. A controller is then designed for the transformed model, and the control
signals of the model are retransformed into the original control signals. The
result is a speecial type of nonlinear controller, which can be interpreted as a
gain-scheduling controlier. Knowledge about the nonlinearities in the model is
built inte the controller. The method with nonlinear transformations is illus-
trated by an example.

&

EXAMPLE 94  Nonlinear transformation of a pendulum

Consider the system
d.x]

di
dxa
dt

¥y =x

‘ (9.1)
= —sinx; + ©weos x| ’
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Figure 9.6 The pendulum described by Eqs. (9.1), controlled by (a) the
nonlinear controller of Eg. (9.3) and (b) the fixed-gain centroller of Eq. (8.4).
The desired characteristic equation (Eq. 9.2) is defined by p, = 28andp; = 4.

which describes a pendulum, where the acceleration of the pivot point is the

input and the output y 13 the angle from a downward position. Introduce the
transformed control signal

v(t) = — sinx;{t) + u(f) cosxy{2)

This gives the linear equations

fi;r a 01 N 0
at "o o) T {1)"
Assume that x; and x; are measured, and introduce the control law
vl{t) = —%1(t) — Lyxa (&) + m'u (2)

The transfer function from u, to y is

m!

s+ ls+ I

Let the desired characteristic equation be

s% 4+ p18+ P (8.2)
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which can be obtained with

b Fo_ I3

1=p2 L=p1  m =ps
Transformation back to the original control signal gives

uit) = u(t) + sinxa(f) _ écElcl(r) (—pax1{t) — prxa(t) + pustc (£) + sinx1(0))
(9.3)
The controller is thus highly nonlinear, Figure 8.6 shows the output and the
control signal when the controller of Eq. (9.3) is used and when a fixed-gain

controller .

H(t) = —hx (t) —laxs (t) + Mitle (t) (94)
is used. The parameters {1, {5, and m are chosen to give the characteristic
equation (Egs. 9.2) when the system is linearized around x;, = x, that is, the
upright position.

Notice that Eq. (9.3) can be used for all angles except for x; = +r/2,
that is, when the pendulum is horizontal. The magnitude of the control signal
increases without bounds when x, approaches t /2. The linearized model is
not controllable at this operating point. 0

The following example illustrates how to use the method of nonlinear
transformations for a second-crder system.

EXAMPLE 25  Nonlinear transformation of a second-order system
Consider the system

d

‘ax?l = fi(x1,x2)

o

-di: = fg(x1.x2.u)
y=n

Assume that the state variables can be measured and that we want to find a
feedback such that the response of the variable x; to the command signal is
given hy the transfer function

2

@
= 0 sp—" 3 9.5
G 5% + 2L ws + w? (9.5)
Introduce new coordinates z;, and z;, defined by
21 = ¥y
dx
zy = d_tl = filx1, xq)
and the new control signal v, defined by
g a
v = Fla,xmu) = 5 fig . 9 (9.6)

= ——fi+ 7P
8x1 Dxo
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These transformations result in the linear system
dz,
E 2
dzs
dt
It is easily seen that the linear feedback

I
2]
o

(9.7

= v

v =l (w - 21) - 20wz (9.8)

gives the desired closed-locp transfer function of Eq. (9.5} from u, to 2y = x;
for the linear system of Eqgs. {8.7). It remains to transform back to the original
variables. It foHows from Eqs. (9.6) and (9.8) that

afi, | Bh
a.)Z] t 612
Solving this equation for © gives the deszired feedback. It follows from the

implicit function theorem that a condition for local solvability is that the partial
derivative 8F /ou is different from zero. a

F(x;,xg,u) = fz = 0)2(uc *I]) — Zwal(xLx-g)

The generalization of Example 9.5 requires a solution to the general prob-
lem of transforming a nonlinear system into a linear system by nonlinear feed-
back. Conditions and examples are given in the references at the end of this
chapter. Figure 9.7 shows the general case when the full state is measured.
There is a nonlinear transformation

i@ = g1{x,v)
z = galx)

that makes the relalion between v and z linear. A state feedback controler from
z is then computed that gives 1. The control signal v is then transformed into

-
l

I
State {
—L— - feedback Lot B STE N B
controller |
1

]

1

1

I

I

1

= Process

Figure 9.7 Block diagram of a controller based on nonlinear transformation.
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the original contro} signal 4. Feedback linearization requires good knowledge
about. the nonlinearities of the process. Uncertainties will give a transformed
system that is not linear, although it may be easier to control than the original
gystem.

A simple version of the problem also occurs in control of industrial rebots.
In this case the basic equulion can be written as

2
JLe g,

dt?

where J is the moment of inertia, ¢ is an angle at a joint, and 7, is a torque,
which depends on the motor current, the torque angles, and their firsl iwo
derivatives. The equations are thus in the desired form, and the nonlinear
fecdback is obtained by determining the currents that give the desired torque.

The problem is therefore called the torque transformation.

95 APPLICATIONS OF GAIN SCHEDULING

(3ain scheduling is a very useful method. It requires good knowledge about the
process and that some auxiliary variables can be measu red. A great advantage
with the method is that the controller adapts quickly to changing cenditions.

This section contains examples of some cases in which it is advantageous
Lo use gain scheduling in some of the forms that have been presented above.
The examples include ship steering, pH control, combustion control, engine
control, and flight centrol.

Ship Steering

Autopilots for ships are normally hased on leedback from a heading measure-
ment, using a gyrocompass, to a steering engine, which drives the rudder. Its
commen practice to use a control law of the PID type with fixed parameters.
Although such a controller ean be made to work reasonably well, its perfor-
mance is poor in heavy weather and when the speed of the ship is changed. The
reason is that the ship dynamics change with the speed of the ship and that
the disturbances change with the weather. There is a growing awareness that
autopilots can be improved considerably by taking these changes inte account.
This is illustrated by analysis of some simple models.

The ship dynamics are obtained by applying Newtons equations to the
motion of the ship. For large ships the motion in the vertical plane can be
scparated from the other motiens. 1t is customary to deseribe the horizontal
motion by using a coordinate system fixed to the ship (see Fig. 9.8). Let V be
the total velocity, let « and v be the x and y componcois of the velocity, and
let r be the angular velocity of the ship.
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Figure 9.8 Courdinates and notations used to describe the equations of
motion of ships.

In normal steering, the ship makes small deviations from a straight-line
course. It is thus natural to linearize the equations of metion around the
solution & = wp, v = 0, # = 0, and & = (. The natural state variables are
the sway velocity v, the turning rate r, and the heading y. The following
equations are obtained:

d )

dit; = (u/Nanw + vaer + (/)b 8

d t

EE = (w/1D)agw + (u/Dagr + @ /)58 19.9)
dy

a "

where u is the constant forward velocity and ! is the length of the ship.

The parameters in the state equation (Eqs. 9.9) are surprisingly con-
stant for different ships and different operating conditions (see Table 9.1).
The transfer function from rudder angle § to heading i is easily determined
from Eqs. (9.9). The following result is obtained:

K(l + 5T3)

Gls) = s+ oT)

(9.10)

where
K = Kﬂh‘./l

T = Tul/u i =123
The parameters Kq and Ty are also given in Table 9.1. Netice that they may

change considerably even if the parameters of the state model do not change
much. In many cases the model can be simplified to

(9.11)

Gle) = — — (9.12)

where

(9.13)
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Table 9.1 Parameters of medels for different ships.

Ship Mine- Cargo Tanker

sweeper Full Baliast
Length {m) 85 161 350
a1y -0.86 -0.77 -0.45 —0.43
a —-0.48 -0.34 0.43 -(145
Qo 5.2 ~3.39 —-4.1 —-1.98
Qo -24 —1.63 —-0.81 -1.15
b 0.18 0.17 0.10 .14
by -14 -1.63 -0.81 —-1.15
K 211 -3.86 0.83 588
Tio --8.25 5.66 -2.88 -16.91
Toy 0.29 0.38 0.38 0.45
Ty .65 0.89 1.07 143
2y -0.14 0.19 -0.28 -0.06

by -14 -1.63 -(.81 —-115

This model is called the Nomofo model. Its gain b can be expressed approxi-

mately as follows:
uy2 Al
b:c(?) 5 (9.14)

where D (in cubic meters) is the displacement, A (in square meters) is the
rudder arca, and ¢ is a parameter whose value is approximately 0.5. The
parameter a will depend on trim, speed, and leading. Its sign may change
with the operating conditions.

A ship is influenced by disturbances due to wind, waves, and currents. The
effects of these can be described as additional forces. Reasonable models have
constant, periodic, and random components. The disturbances due to waves
are typically periodic. The period may vary with the speed of the ship and its
orientation relative to the waves.

The effects of parameter variations can be seen from the linearized models
in Egs. (9.9), (9.10), and (9.12). First, consider variations in the speed of the
ship. It follows from Eqgs. (9.11) and (9.13) that the gain is proportional to the
square of the velocity and that the time constants are inversely proportional
to the velocity. A reduction to half-speed thus reduces the gain to a quarter of
its value and doubles the time constants.

The gain is essentially determined by the ratio of the rudder forces to
the moment of inertia. Thus the relative water velocity at the rudder is what
determiries the gain. This velocity is influenced by waves and currents. The
relative velocity may decrease drastically when there are large waves coming
from behind and the ship is riding on the waves. The relative velocity may be
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very small or even zero. Controllability is then lost because there is no rudder
force. The situation i3 even worse if the waves are not hitting the ship straight
from behind, because the waves will then generate torques that tend to turn
the ship.

The ship dynamics are alse influenced by other factors. The hydrodynamic
forces, and consequently also the-parameters a;; and b; in the linearized model
of Eqs. {9.9), depend on irim loading and water depth. This may be seen
from Table 9.1, which gives parameters for a tanker under different loading

conditions. Some consequences of the parameter variations are illustrated by
an example.

EXAMPLE 9.6  Ship steering

Assume that the ship steering dynamics can be approximated by the Nomoto
mede! of Eq. (9.12) and that a controller of PD type with the transfer function

G.(s) = K(1+sTy)
is used. The loop transfer function is

G616, (5) = KALEED)

The characteristic equation of the closed-loop system is

s?+s{o+ bKT)+bK =0

The relative damping is

1 @
¢ = 5 (Jog +TuBE)

The damping will depend on the speed of the ship. Assume that the medel

of Eq. {9.12) has the values Gpem and by, at the nominal speed unom. The

variable Lo is the nominal velocity used to design the feedback. Assume that

u is the actual constant velocity. Using the speed dependence of a and b given

by Eqs. (9.18) gives

I
@ = Onom
nom

- 2
b = byom (—)
Unom

1 Znom u ’"—)
= | ===+ T/ Kbpom
£=3 (\f—mm v Y

This gives the damping
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Consider an unstable tanker with

Cpom = —0.3

brem = 0.8
K =25
T; = 0.86

This gives { = 0.5 and @ = 1.4 at the nominal velocity. Furthermore,

w = 1A4u/unom
& =-011+06Lujuym

The closed-loup characteristic frequency and damping will thus decrease with
decreasing velocity. The closed-loop system becomes unstable when the speed
of the ship decreases to u# = 0.17knep.

By scaling the parameters of the autopilot according to apeed, it is possible
to obtain closed-loop performance that is less sensitive to speed variations, The
scaling of the parameters of the controller depends en the control goal. One
design criterion is time invariance; that is, the time response of the ship should
always be the same. If true time invariance is desired, the controller gains
should be inversely proportional to the square of the speed. Patb invariance 1s
another criterion, In this case the path on the map is always the same. The
gains should then be inversely proportional to the velocity of the ship. The
gains are limited at low speed to avoid large rudder motions. [

pH Control

Control of pH (the concentration of hydrogen ions} is a well-known control
problem that presents difficultics due to large variations in process dynamics.
The preblem is similar to the simple concentration control problem in Exam-
ple 9.3. The main difficulty arises from a static nonlinearity beiween pH and
concentration. This nonlinearity depends on the substances in the solution and
on their concentrations.

The pH number is a measure of the concentration or, more precisely, the
activity of hydrogen ions in a solution. It is defined by

pH = —log [H"] (9.15)

where [H"] denotes the concentration of hydrogen ions. The formula {9.15) is,
strietly speaking, not correct, since [H"] has the dimension of concentration,
which is measured in the unit M = mol/l. The correct version of Eq. (9.15} 18
thus pH = ~log({H"}fj1), where [j is a constant with the dimension liters
per mole, The formula of Eq. {9.15) will be used here, however, because it is
universally accepted in textbooks of chemistry.

Water maolecules are dissociated (split into hydrogen and hydroxyl ions)
according to the formula

H,0 = H" + OH"
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In chemical equilibrium the concentration of hydrogen H" (or rather H30')
and hydroxyl OH ions are given by the formula

[E*J[CH ]

= constant 9.16
[H:0] (316)

Only a small fraction of the water molecules are split inte ions. The water
activity is practically unity, and we get

[H*][OH ™| = K. (9.17)
where the equilibrium constant K,, has the value 10~ [{(mol/1)*| at 25°C. The

main nonlinearity of the pH control problem will now be discussed.

EXAMPLES.7  Titration curve for a strong acid-base pair

Congider neutralization of m4 mol of hydrochloric acid HCY by mp mol of
godium hydroxide NaOH in a water solutien. The following reaction takes
place:

HCl + NaOH - H" + OH™ + Na®™ + CI’
Let the total volume be V. The concentration of chloride ions is then
C17) = x4 =ma/V
and the concentration of sodium ions is given by
[Na*] = xg = mg/V

because the acid and the base are completely ionized. Since the number of
positive ions equals the number of negative ions, it follows that

x4 +[OH ] = xp + [H7]

The concentration of hydroxyl ions can be related to the hydrogen ion eoncen-
tration by Eq. (9.17). Hence

K
x =xg—x4 = [OH]-H] = [H‘f.l _[H*) = 10PH-1¢ 10-PH  (9.18)

Solving for |H*] gives
[H*] = /x%/4+ K,y ~ x/2
[OH"] = x?/4+ K, +x/2
This gives

pH = f{x) = - log(\/x2/4 + K, - x/2) (9.19)
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Figure 9.9 Titration curve of Eq. {9.19) for neutralization of a 0.001 M
solution of HC1 with a2 0.001 M solutien of NaGH.

The graph of the function [ is called the titration curve. It is the fundamental
nonlinearity for the neutralization problem. An example of the titration curve
is shown in Fig. 9.9, which shows that there is considerable variation in the
slope of the titration curve. The abscissa of the titration curve in Fig. 9.9 is
given in terms of the concentration difference xg — xa. The x-axis can also be
recalibrated into the amount of the reagent.

The derivative of the function [ is given by

) 10 1 10 1 i
Fla) = B o8¢ (9.20)

The derivative has its largest value f/ = 2.2 10° for pH = 7. It decreases
rapidly for larger and smaller values of pH. For pH = 4 and 10 we have
£/ = 4.3 10°. The gain can thus vary by several orders of magnitude. a

7 Figure 9.9 shows that the pH of a strong acid that is almost neutralized
may change very rapigdly if only a small amount of base is added. The reason
far this is that strong acids and bases are ecompletely dissociated. A weak acid
is not completely dissociated, so it can absorb hydregen ions by converting
them to undissociated acid. It can also create hydrogen ions by dissociating
acid molecules. This means that a weak acid or a weak base has an ability to
resist changes in pH. This property is called buffering. The titration curve of
a solution thal contains weak acids or bases will therefore be less steep than
the titration curves of strong acids or bases.

Example 9.7 shows that there will be a severe nonlinearity in the system
due to the titration curve. An additional example illustrates the difficulties in
controlling such a system,

EXAMPLE 98  pH control

Consider the problem of controlling the pH of an acid effluent that is fed to a
stirred tunk with volume V {in liters) and neutralized with NaGH. Let c4 {in
moles per liter) be the concentration of acid in the influent stream, and let ¢
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(in liters per second) be the flow of the effluent. Let ¢p (in moles per liter) be
the concentration of the reagent. Assume that the reagent concentration is so
high that the reagent flow u (in liters per second) is negligible in comparison
with ¢. The system is modeied by a linear dynamic model, which describes the
mixing dynamics as if there were no reactions, and a static nonlinear titration
eurve, which gives pH as a function of the concentrations. Let x4 and xg be the
concentrations of acid and hase in the tank if there were no chemical reactions.
Mass balances then give

d
G ")
(9.21)
dx,g i iq
= ey~ - Xg

dt v v
The pH is given by Eq. (9.19). It is further assumed that the dynamies of the
pH sensor and the pump together can be described by the transfer function

1
G6) = Ty

A simple calculation indieates the difficulties in the control problem. Assuming
proportional contrel with gain &, the linearized loop transfer function from the
error in pH to pH becomes

_ Cgkf’
Gols) = g1+ sT)(1 + sT)?

where T, is the mixing {ime constant

Te =V/g

and f' is the slope of the titration curve given by Eq. (9.20). The critical gain
for stability is

q 2q
k, = /T, T.) &
FieaT (2+7/ | Y1+ T/Ta) FesT

where the approximation holds for 7' <« Tr,. Since the slope of the titration

curve varies drastically with pH, the critical gain will vary accordingly. Some
values for different values of the pH of the mixture are:

pH Critical gain

7 0.009

8 0.046

9 0.46
10 4.6

To make sure that the closed-loop system is stable for small perturbations
around an equilibrium of pH = 7, the gain sheuld thus be less than 0.009.
A reasonable value of the gain for operation at pH = 8 is & = 0.01, but this
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Qutput pH

[} 8 10
Input « Time
16 (©)
(a
b @
09 T T T T T
0 2 4 6 8 10
Concentration x Time
¢ {e)
-5107 (a)
{b)
-310°* ‘ : : : -
] 2 4 ] 8 14
Time

Figure 8.10 Output pH and contrel signal when the process in Example 9.8
is controlled by using a PI controller when pH_ is (a) 7; (b) §; {c) &

gain will give an unstable system at pH = 7 and is too low for a reasonable
response at pH = 9. Figure 9.10 shows PI control with gain 0.01 and reset
time 1. The process is started at equilibrium pH = 4. The reference value is
then changed to 7, 8, and 9.

The caleulations and the simulation illustrate the key problems with pH
control. The difficulties are compounded b¥ the presence of time delays and
flow variations. One way to get around the problem is to use the concentration
x as the output rather than pH. Figure 9.11 shows a posgible control scheme
in which the measured pH and the reference value of pH are transformed into
equivalent coneentrations. This means that the variable x is computed for the

pHref X ref i pH
—= Eq. (2.22) - PI ™ Pump Process
2 1Eq (9.29)|= PH |
gauge

Figure 9.11 Control confipuration for the pH control problem in Exam-
ple 9.8,
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Output pH
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09 : ’ ' 1 T | g
T
Conceniration x me
0 (cj
-5107° (a), (b
~1.1074 i — f .
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Figure 9.12 The same experiment as in Fig. 9.10, but with the controller
structure in Fig. 3.11, The gain of the controller is 1000, and the reset time
15 1. (ﬂ) pHref =1 (b) pHre,f =8 (C) pIiref = 9.

measured pH by the formuia

x = fY(pH) = 10PH-14 _19-PH (9.22)
The transfer funciion from u to x is

21
g1+ sT){1 + sT)?

which is independent of the operating peint. Figure 9.12 shows the same ex-
periments as in Fig. 9.10, but with the control modification shown in Fig. 9.11.
Tt should be noted that the nonlinear compensation with Fq. (9.22) can be
used, since a strong acid-base pair is controlled. The more general problem
of mixtures of many weak acids and bases does not have an easy linearizing
transformation. It is then necessary to measure the concentrations of the com-
ponents or to make an on-line measurement of the titration ¢urve. Some other
form of adaptation can then be reasonable. g

Combustion Control

In combustion control of a boiler it is important to adjust the oxygen content
of the flue gases. The flow of combustion air depends on the burn rate in the
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Figure 9.13 Adaptive feedforward and gain scheduling in an oxygen trim
controller.

boiler. The measurement signal is the oxygen content in the exhaust stack, and
the control signal is the trim position, which controls the flow of combustion
air. There is a significant time delay between the input to the burner and
the oxygen sensor in the exhaust stack, With a conventional controlier there
is then a loss of efficiency before the correct trim position is reached after
a change in the burn rate. One configuration bhased on adaptive feedforward
and gain scheduling is shown in Fig. 9.13. The working range of the boiler is
divided into regions. For each region there is a memory (digital integrator).
All integrators are zero initially. When the boiler starts to operate, the trim
control will adjust the oxygen setpoint. When the setpoint level is achieved,
the appropriate integrator is set to the correct trim position. A trim profile will
be built up as the boiler works over its range. When the boiler returns to a
position at which the integrator is set, the stored trim value is instantly fed
to the trim drive actuator, thus eliminating the lag from the control leop. If
the fuel changes, the trim profile is updated automatically. The controller thus
works with an adaptive feedforward compensation from the burn rate. There
is also a gain scheduling of the loop gain of the controller to get tight control
under all firing conditions. This gain schedule is built up in commissioning thc
controller. -

Fuel-Air Control in a Car Engine

A schematic drawing of a microcomputer control system for a car engine is
shown in Fig. 9.14. The accelerator is connected to the throttle valve. The fuel
injection is governed by a table lookup controller. The control variable, which



9.5 Applications of Gain Scheduling 413
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Figure 8.14 Schematic diagram of a microcomputer engine control system.

is the opening time for the fuel injection valve, is controlled by a combination
of feedforward and feedback. The feedforward signal is a nonlinear function of
engine speed and load, The load is represented by the air flow, which can be
measured by using a hot wire anemometer. In one common system the table
has 16 x 16 entries with linear interpolation. There is alse feedback in the
gystem from an exhaust oxygen sensor. The fuel-air ratio is measured by using
a zirconium oxide catalytic sensor called the lambda send. This sensor gives

Qutput voltage V

T I -
0.5 1.0 1.5
Fuel-air ratio A

Figure 9.15 The characteristic of a lambda sond.
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an outpul that changes drastically when the fuel-air ratio is 1. A typical sensor
characteristie is shown in Fig. 9.15. The lambda sond is positioned after the
exhaust manifold in an excess oxygen environment, where the exhaust gas
from all the eylinders is mixed. This creates a delay in the feedback loop.
Notice the feedforward path via the table discussed earlier in the paragraph.
The feedhack has a special form; continuous control cannot be used because of
the strongly nonlinear characteristics of the lambda sond. The error signal is
formed by nermalizing the cutput of the lambda sensor as follows:

o= { 1 ifV » 05
-1 if Vv <05

The arror signal is thus positive if the fuel-air ratio is low (lean mixture) and
negative when the ratio is high (rich mixture). The error signal is sent to a P1
controller whose gain and integration time are set from the scheduling table.
The values are set on the basis of load (air fiow) and engine speed. The gain

Vias H

Pitch stick

et (Geur
Vias { Bkl |

Position

Acceleration

a-| FiherHND H_/‘

Pitch rate

HM Vi

Figure 9.16 Simplified block diagram of the pitch contral of the autopilot fer
a supersonic aircraft. The highlighted blocks show the parts of the autepilot
where gain scheduling is used.
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schedule 15 implemented simply by adding entries for the gain and integration
time to the table used for feedforward of the nominal conirel variable. Because
of the relay characteristic, there will be an oscillation in the fuel-air ratio.
This is beneficial, because the catalyiic sensor needs a variation to operate
properly. The amplitude and the frequency of the oscillation are determined
by the parameters of the controller.

Flight Control Systems

Figure 9.16 shows a block diagram of the pitch channel of a flight conirol
system for a supersonic aircraft. The pich stick signal is the command signal
from the pilot. Position, acceleration, and pitch rate are feedback signals. There
are three scheduling variables: height H, indicated airspeed Vias, and Mach
number M. The parameters of the controller that are scheduled are drawn as
boxes; the arrows indicate the scheduling variables. The schedule for the gain
Kyp is given by

KQD = KQUM.S + (KQDH - KQ'DMS)MF

where Kgy .. is a funclion of indicated airspeed Va5 {shown in Fig. 9.17) and
Kop, is a function of height (also shown in Fig. 9.17). The variable MF is
given by

1
MF= " _ Kuyr
§+1

where Kur is a function of the Mach number and s is the Laplace transform
variable.

4‘ KQDM.“ 4‘ KQDH
0.5 1
0.5
0+— T - 3] T T -
0 1000 0 10 20
Vias (km/h) H (km)

Figure 917 Scheduling functions. The function Kgp,,, is alse different for
different flight modes.
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9.6 CONCLUSIONS

Gain scheduling is a good way to compensate for known nonlinearities. With
such a scheme the controller reacts quickly to changing conditions. One draw-
hack of the method 1s that the design may be time-consuming if it is not possible
to use nonlinear transformations or avte-tuning. Another drawback is that the
controller parameters are changed in open loop, without feedback from the per-
formance of the closed-loop system. This makes the method impossible to use
if the dynamiecs of the process or the disturbances are not known accurately
enough.

Example 9.3 and the ship steering example in Section 9.5 show that it
ig often useful to introduce normalized variables. The processes then become
constant in the new variables, and the gain scheduling of the controllers is
easily derived.

PROBLEMS

9.1 Simulate the tank system in Example 9.2. Let the tank area vary as
Afh) = Ay + h?

Further assume that @ = 0.14,.

{a) Study the behavior of the clesed-loop system when the full gain sched-
ule is used and when the modified gain schedule is used.

(b) Study the sensitivity of the system to changes in the parameters of
the process.

{¢) Study the sensitivity of the closed-loop system to noise in the mea-
surement of the level.

9.2 Consider the concentration control problem in Example 9.3, Design a
fixed sampled-data controller with a fixed sampling period for the system.
Compare it with a controller based on the time-scaled model.

9.3 A model of a ship is given in Section 9.5, Show that the two scalings
suggested in Example 9.6 correspond to the time invariance and the path
invariance behavior of the ship.

9.4 The simulations in Example 9.8 are done by using the medel of Egs. (9.21)
and {9.19) with ¢ = 1000, V = 1000, 7 = 0.1, and X,, = 107, The
controller is a PI contreller with gain 0.01 and reset time 1. Verify the
simulations in Fig. 9.10 and Fig. 9.12.

9.5 Consider the ship steering problem in Example 9.6. Simulate the closed-
loop system, and determine the sensitivity with respect to the speed of
the ship.
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9.6 The controllerin Example 9.3 gives a control that is equal when measured
in terms of the number of sampling inltervals but not when measured
in terms of time. Suggest and test possibilities to get the same time
responses independent of the flow through the tank.
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CHAPTER 10

ROBUST AND
SELF-OSCILLATING SYSTEMS

10.1 WHY NOT ADAPTIVE CONTROL?

In previous chapters we showed that adaptive control can be very useful and
can give good closed-foop performance. However, that does not mean that adap-
tive control is the universal tool that should always be used. A control engineer
should be equipped with a variety of tools and the knowledge of how to use
them. A good guidelire is to use the simplest control algorithm that satisfics the
specifications. Robust high-gain control should definitely be considered as al-
ternatives to adaptive control algorithms, Section 10.2 treats robust high-gain
control. The self-oscillating adaptive system (SOAS) is presented in Section
10.3. This is a epecial clags of adaptive systems with strong ties to high-gain
control and auto-tuning. Relay feedback is a key ingredient of the SOAS. An-
other class of switching systems, variable-structure systems, is discussed in
Section 10.4. Varigble-structure systems have been developed mainly in the
Saviet Union and can be regarded as a generalization of the SOAS. Conclu-
gions are given in Section 10.5.

10.2 ROBUST HIGH-GAIN FEEDBACK CONTROL

Some design methods deal explicitly with process uncertainties. One powerful
method has been developed by Horowitz. This procedure, which has its origin
in Bode's classical work on feedback amplifiers, is based on several ideas. The
apecifications are expressed in terms of the transfer function from command
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Fecdforward Feedback Process

1139 u hd

¥

J:]

Figure 10,1 A two-degree-of-freedom system.

gignal to process output. The plant is characterized by its nominal transfer
function. For each frequency it is also assumed that the process uncertainty is
known in terms of variations in amplitude and phase. A solution is determined
in terms of a controller with a feedback Gy, and a feedforward Gy, as shown in
Fig. 10.1. Such a configuration is called a two-degree-of-freedom system because
there are two transfer functions to be determined.

Several other design methods ean be used to design robust controllers. One
technique is hased on LQG design. By adjusting the weighting matrices in the
LQG problem, a loop transfer recovery (LTR) is achieved. This design procedure
can cope with phase uncertainty at high frequencies. The key idea is to keep
the loop gain less than 1 at high frequencies, where the phase error is large.

In Horowitz’s procedure the feedback transfer function Gy, is first deter-
mined such that the closed-loop uncertainty is within the specified limits. The
nominal value of the transfer function is then modified by the feedfprward
compensation Gy, The method is based on graphical constructions using the
Nichols chart. It gives a high-order linear compensator that can cope with the
specified plant uncertainty. The procedure attempts to keep the loop gain as
low as possible. A key idea in the Horowitz design method is the observation
that a system in which the Nyquist curve is close to a straight line through
the origin can tolerate a significant change of gain. The response time will
change with the gain, but the shape of the response will remain invariant. For
minimum-phase systems with a known pole excess it is always possible to find
4 frequency range in which the phase is constant. By proper compensation it
is then possible to obtain a loop gain at which the Nyquist eurve is close to a
straighi-line segment. The assumption that the pole excess is known implies
that the phase of the system is known for high frequencies. This is not always
a realistic assumption. The Horowitz design method was originally developed
for structured perturbations but has also been extended to unstructured un-
certainties.

The main step in the procedure is to determine the tolerances for the gain
in the closed-loep transfer function. The plant uncertainties are specified as
gain and phase variations of the plant transfer function at different frequen-
cies. The given tolerances and uncertainties are used to caleulate constraints
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for the open-loop transfer function. The feedback compensator (G is then de-
signed such that the compensated open-leop system satisfies the tolerances.
This is usually an iterative procedure, which can conveniently be done graph-
ically by using & Nichols chart. Finally, the prefilter &Gy is designed such that
the closed-loop specifications are fulfilled. This may be done by using the Bode
diagram.

The major drawback of the method is that it is impossible to know a prior
whether the desired closed-loop specifications are atiainable. It is thus a trial-
and-error method, but the iterations give the designer insight into the tradeoffs
between different specifications, such as closed-loop sensitivity, complexity of
the controller, and measurement noise amplification.

EXAMPLE 101  An industrial robot arm

A simple model of a robot arm is used in this example. The transfer
function from the control input (motor current I} to measurement ocutput
(motor angular velocity @) is

o b (Jo6” + ds + )
T T st ATy + I )52+ R, + TS

Gpis)

Gl

10 1¢f 10
« rad/s

Figure 10.2 Bode plots for the robot arm in Example 10.1 for o/, = 0.0002
and J, = 0.002.
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with J, € [0.0002,0.002], , = 0.002, £ = 0.0001, & = 100, and &, =
0.5, The moment of inertia .J, of the robot arm varies with the arm angle.
Bode plots of the plant gain for the extreme values of the arm inertia J, are
given in Fig. 10.2, The purpose of the control system is to control the angular
velocity step responses at various arm angles. The aim is to get a closed-loop
system with a bandwidth between 15 and 40 Hz. The disturbance rejection
specification has been set to 6 dB. A feedback compensator that satisfies the
specifications is
125(1 + s/50)(1 + /300)

Grls) = s(L + s/800)(1 + s/5000)

This compensator is essentially a PI controller with a lead filter. The final
prefilter has the transfer function

1+ s/1000
(1 +5/26)(1 + s/200)(1 + s/200}

Gyls) =

Simulated responses are shown in Figs. 10.3 and 10.4.

To make a comparison, an adaptive controller is also designed for the pro-
cess. In this particular problem the essential uncertainty is in one parameter
only, the moment of inertia. It is then natural to try to muke u special adaptive
design in which only this parameter is estimated.

t,
1
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Figure 10.3 Simulation of the step response with the arm inertia J, =
0.0002 for the robust system.
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Figure 10.4 Simulation of the step response with the arm inertia J, =
0.002 for the robust system,

The adaptive controller is designed on the basis of a simplified model. If
we neglect the elasticity in the robot arm, the system can be described by

JEZ = kil (10.1)

where J = J, + o, i5 the total moment of inertia and k%, the current gain
of the motor. The plant of Eq. (10.1) can be controlled adequately with a PI
controller. The centroller parameters can be chosen to be

2§0&)DJ
K =
ko
o

This gives the following characteristic equation for the closed-loop system:
32 -+ 2.’;0&)03 +£0% =0

The controller parameters are thus related to the model by simple equations.
Notice that the integration time 7; does not depend on the moment of inertia
of the robot arm and that the controller gain K should be proportional to the
moment of inertia,
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A root-locus caleulation indicates that the design based on the simplified
model will work well if

ke \ M2
o < Werip = {o (-ﬁ)
The most eritical case occurs for f, = 0.002. It implies that @y must be less
than 200 radis.

The fact that the design is based on a simplified medel limits the closed-
loop bandwidth. A fast respense to command signals can still be obtained by
use of feedforward compensation. For this purpose, let the desired response to
angular velocity commands be given by

Gnls) = P

s+ 2 0ms + @Y,

The feedforward controller can now be designed such that the closed-loop
system gets the desired response.

An adaptive system can be obtained simply by estimating the total moment
of inertia by applying recursive least squares to the model of Eq. (10.1) and
feeding the estimatc into the above design equation. To estimate the param-
eters of the continuous-time model of Eq. (10.1), it is necessary to introduce
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Figure 10.5 Simulation of the tailored adaptive sysiems response with the
arm inertia J, = 0.0002, The controller is initially tuned for J, = 0.002.
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Figure 10.6 Simulation of the tailored adaptive sysiems response with the
arm inertia JJ, = 0.002. The controller is initially tuned for J, = 0.0002.

filtering. This is done by integrating Eq. {10.1) over the time interval (¢, ¢ + h):

k 1 +4t
wit + k) —w(t) = 7’"‘] I{s)ds
I

A least-squares estimator of J is easily constructed from this equation. This
estimate is then used in the PI control law. Simulations of the system are
shown in Figs. 10.5 and 10.6. The parameter & was chosen to be 0.1 5. The
figures show that the system adapts to a good response after two transients.
Notice the magnitudes of the eontrol signal for the cases of low and high inertia.

The controlier structures for the robust and adaptive cases are quite sim-
ilar by design. The feedback part of the robust controller is essentially a FI
controller with a lead-lag filter. The parameters are X = 2.5 and 7} = 0.02.
The lead-lag filter increases the controller gain to 6.7 at frequencies around
500 rad/s. The feedback part of the adaptive contreller is also a Pl contraller,
but the parameters are adjustable. They range from K = 0.15 and T; = 0.07
for J, = 00002 to K = 105 and 7. = 0.07 for J, = 0.002. The feedback
zain in the adaptive controller is thus 40 times smaller than the gain of the
robust controller. This means that the effects of measurement noise are also
much smaller for the adaptive controller. Both systems are designed to give the
same response time to command signals. Notice, however, that feedforward is
used in very different ways in the two systems. In the robust design, it is used
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to degrease the response lime to command signals; in the adaptive design, it
is used to increase the response time. The reasen 1s that the bandwidth of the
closed inner loop is large in the robust design, o take care of the plant vari-
ations, whereas the adaptive design zllows a low clesed-loop bandwidth, since
the uncertainty is eliminated. The responses of the adaptive system are better
over the full parameter range when the parameters are adapted, but it will
take some time for the parameters to adapt. The robust controller will have a
better response when the parameters of the process are changing rapidly from
one constant value to another. a

Comparison between Robust and Adaptive Control

The robust design method will generally give systems that respond more
guickly when the parameters change, but it is important that the range of
parameter variation be known. The adaptive controller responds more slowiy
but can generally handle larger parameter variations. The adaptive controller
will give better responses to command signals and load variations when con-
troller parameters have converged, provided that the model structure is suf-
ficiently correct. The controtlers designed by Horowitz's method will generally
have high-loop gains, which make them more sensitive to noise.

10.3 SELF-OSCILLATING ADAPTIVE SYSTEMS

A system that is insensitive to parameter variations can be obtained by using
a two-degree-of-freedom configuration with a high-gain feedback and a feedfor-
ward compensator (compare Section 10.2}, This section introduces an adaptive
technique to keep the gain in the feedback loop high by using a relay feedback.
Relays combine the properties of high gain and inexpensive implementations.
However, relays often introduce oscillations into the system.

The idea of the self-oscillating adaptive system (SOAS) originated in work
at Honeywell on adaptive flight control in the late 1950s. The inspiration
came from work on nonlinear systems by Fliagge-Lotz at Stanford. Systems
based on the idea were flight-tested in the F-94C, the F-101, and the X-15
aircraft. (See Fig. 1.2.) The idea has also been applied in process control,
but the SOAS has not found widespread use. One reason is that substantial
modifications of the basic scheme are necessary to make the systems work well.
A characteristic feature of the SOAS is that there is a limit cycle oscillation. The
system thus represents a type of adaptive control in which there are intentional
persurbations, which excite the system all the time. The SQAS is one of the
simplest systems with this property. The SOAS is based on three usclul ideas:
maodel-following, automatic generation of test signals, and use of a relay with
a dither signal as a variable gain. The key result is that the loop gain is
automatically adjusted to give an amplitude margin A, = 2.
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Figure 10.7 Block diagram of a self-oscillating adaptive system (SOAS).

Principles of the SOAS

Since we want to emphasize the ideas, we will limit the discussion to the basic
version of the system. A block diagram of an SOAS is shown in Fig. 10.7. This is
a two-degree-of-freedom system. There is a high-gain feedback loop around the
process. The desired response to command signals is obtained by the reference
model. Ideally, the high-gain loop will make the process output y follow the
meodel output v,. The response of the closed-loop svystem will be relatively
insensitive to the variations in process dynamics because of the high loop gain.
The system is thus a typical model-following design. The special feature is
that the high-gain loop is nonlinear. The high-gain loop is supplemented with
a feedforward model and a device to change the gain of the relay. The model
determines the closed-loop response and the gain changer limits the amplitude
of the limit cycle oscillation,

The High-Gain Loop

The feedback compensator contains a lead filter Gy(s) and a relay. The relay
is motivated by the desire to have as high a gain as possible. Because of the
relay, therc will be a limit cycle, whose amplitude is kept at a tolerable Jimit
by adjusting the relay amplitude hy a separate feedback loop. The relay gives
a high gain for small inputs, and the gain decreases with increasing input
amplitude. The key difficulty in the design of an SOAS is to find a suitable
compromise between the limit cycle amplitude and the response speed. A low
relay amplitude gives a limit eycle with a low amplitude but alsc a slow
response speed. A large relay amplitude gives a rapid response but also a
large amplitude of the limit cycle oscillation. The relations can to some extent
be infiuenced by the lead filter.
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Properties of the Basic SOAS

The limit cycle in a system with relay feedback was discussed in Section 8.6.
This will now be used to analyze the self-oscillating adaptive system. Consider
the system shown in Fig. 10.7 without the gain changer.

The relay is used to introduce a limit cycle oscillation in the system. The
period and the amplitude of the oscillation can be determined by the methods
discussed in Section 8.6. When the reference signal is changed, or when there
are disturbances, there will also be other signals in the system, which will be
superimposed on the limit cycle oscillations. The signals that appear in the
system will thus be of the form

s{t) = asinwt + b(¢)

where g sin @i denotes the limit eyele oscillation. The key to understanding
the SOAS is to find out how signals of this type propagate in the system. It is
straightforward to determine the transmission of the signal through the linear
subsystems; the signal propagation through the relay is the main difficulty.
This analysis will be simplified considerably if it is assumed that b(¢t) varies
much more slowly than sin wi. Furthermore, assume that b(¢) is smaller than
. This should be true at least in steady state, since b(t) is the difference
between the model output and the process output.

The Dual-Input Describing Function

It is assumed that b{f) varies so slowly that it can be approximated by a
constant. The input signal to the relay is thus of the form

ult) =esinwt+ b

The relay input and output are shown in Fig, 10.8. The relay output can be
expanded in a Fourier series

y(t) = &Np + aNasinwt + eNg, sin20t + - (10.2)

where the numbers Ny and Ng are given by

2
1 di{m + o) — d(m - 2a) + ad
= —- t)dt =
Na = 5o [ 50
0

2nb

- 4ad — % = %sin"l é
T 2nb mb  xb a
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Figure 10.8 Relay inputs and outputs.

Small values of b/a give the approximations

Na~ i‘g Ny =~ %é
na za
Notice that
Ny =2 2Ny {10.3)

The transmission of the congtant level & and of the firat harmonic sinw? are
thus characterized by the equivalent gains Ng and N4. Since the linear parts
will normally attenuate high frequencies more than low frequencies, a rea-
sonable approximation is often obtained by considering only the constant part
and the first harmonic. The number Ng, which deseribes the propagation of a
constant signal, is called the dual-input describing function, by analogy with
the ordinary describing function that describes the propagation of sinusoids
through static nonlinearities. Notice that the describing function Np depends
on g (the amplitude of the sinusoidal oscillation). This dependence is the key
to understanding how the SOAS works. The dual-input describing function can
be used to characterize the transmission of slowly varying signals. A detailed
analysis of the accuracy of the approximation is fairly complicated. Let it there-
fore suffice to mention some rules of thumb for using the approximation. The
ratio a/b should be greater than 3, and the ratio of the limit cycle frequency to
the signal frequency should also be greater than 3. It is strongly recommended
that the analysis be supplemented by simulation.

Main Result

The tools for explaining how the SOAS works are now available. Consider the
system in Fig. 10.7. From Section 8.5 the period of the limit cyele is given by
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Eqgs. (8.8} when the describing function method is used. The amplitude of the
limit eycle at the relay input is also given by Egs. (8.8}

NilGlim,)| = 1 (10.4)

The transimission of a sinuscidal signal through a relay can thus be approxi-
mately described by an equivalent gain, which is inversely proportional to the
signal amplitude at the relay input. The amplitude thus automatically adjusts
so that the loop gain is unity at the frequency .

Now consider the propagation of slowly varying signals superimposed on
the limit cycle oscillations. The propagation of the signals through the linear
parts of the systern can be described by the transfer function G{s). If the signals
vary slowly in comparison with the limit cycle oscillations, the propagation
through the relay is approximately described by the dwal-input describing
function Np. The propagation of slowly varying signals is thus approximately
described by the loop transfer function

Gols) = Na(@)G(s)
1t follows frem Egs. (10.3) and (10.4) that

(Golia )| = Np(@IGliwn)] = 3 NalGliw,)| = 05

We thus obtain the following important result, which describes the aperation
of the SOAS.

RESULT 101 Amplitude margin of the SOAS

The SOAS automatically adjusts itself so that the response to reference signals
is approximately described by the closed-loop transfer function

kG(s)
Gels) = 122G
where the gain k is such that the amplitude margin is 2. a

This result explains the adaptive properties of the SOAS. The result can
also be stated in the following way: The relay acts as a variahle gain. The
magnitude of the gain depends on the amplitude of the sinusoidal signal at
the relay input. This gain is automatically set by the limit cycle oscillation to
such a value that the loop gain becomes 0.5 at the frequency of the limit cycle.

The result is illustrated by an example.

EXAMPLE 10.2 A basic SOAS
Assume that the linear parts are characterized by the transfer function

Ko

GO = i D
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Figure 10.9 Simulation of an SOAS applied to the system in Example 10.2.
The dashed line shows the desired response y,,.

From Example 8.1 the period of the limit cycle is approximately given by

&y = \/E
The magmtude of the transfer function at this frequency is
K
Gliw,) = —
Glw)] = =

If the relay amplitude is d, it follows that the amplitude of the limit cycle
oscillation at the relay input is approximately given by

_ Kd
1+

€p

The limit cycle amplitude is thus inversely proportional to a. A simulation
of the system is shown in Kig. 10.9. The feedforward transfer function is a
second-order system with the damping 0.7 and the natural frequency 1 rad/s.
The nominal values of the parameters are X = 3, d = 0.35, and a = 20. The
approximate analysis gives a limit cycle with period T = 1.4 and amplitude
0.05. The process gain is suddenly increased by a factor of 5 at £ = 25
Notice the rapid adaptation. However, the amplitude of the oscillation will
also increase by a faclor of 5. If the value of d is chosen such that the error
would be 0.05 for the higher value of K, then the system becomes too slow for
small K. 0
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Deesign of an SOAS

The seif-oscillating adaptive system is a simple nonlinear feedback system that
is capable of adapting rapidly to gain variations. The system has a continuous
limit eycle oscillation. This is not suitable when valves or other mechanical
parts are used as actuators. However, an SOAS may conveniently be used
with thyristors as actuators. The presence of the limit cycle oscillation may
also cause other inconveniences. Since the system will automatically adjust to
an amplitude margin 4, = 2, it is also necessary that the characteristics of the
process be such that this design principle gives suitable clogsed-loop properties,
The key problem in the design of the SOAS is the compromise between the
limit cycle amplitude and the response speed. This compromise is influenced
by the selection of the linear compensator, G:(s), and of the relay amplitude,

{Compare Fig. 10.7.} The design for an SOAS can be described by the following
procedure.

Step 1: The relay amplitude is first determined such that the desired control
autherity (tracking rate, force, speed, etc.) is obtained. This can be estimated
by analyzing the response of the process to constant control signals.

Step 2: When the relay amplitude is specified, the desired limit cycle fre-
guency tan be determined frem the condition

a|Gpien)| = eo

where e is the tolerable limit cycle amplitude in the error signal and G,(s) is
the transfer function of the process. It is necessary to check that the frequency
obtained is reasonable. For example, the frequency @, may become so high
that the process dynamics become uncertain.

Step 3: The fina) step is to determine the transfer function Gy of the linear
compensator such that

arg Gel(iw,) + arg Gy (ie,) = —x

A large phase lead may be necessary, but this may not be realizable because
of noise sensitivity.

Step 4: Check that the linear closed-loop system with the loop gain G =
KG;G, will work well when the gain K is adjusted so that the amplitude
margin is 2. If this is not the case, the compensator Gy must be modified. O

Notice that it ig necessary to have an estimate of the magnitude of the
process transfer function in Steps 1 and 2. Knowledge of the phase curve of
the process transfer function is necessary in the third step. Also notice that it
may not be possible to resolve the compromises in all steps. [t is then necessary
to add additional leops for changing the gain.



10.3 Self-oscilluting Adaptive Systems 433

Gain Changers

External feedback loops, which adjust the relay amplitude, may he used 1o
resolve the compromise between a high tracking rate and a small limit cycle
amplitude. The so-called up-logic used in the first SUAS can be described as

follows:
{dl if 19‘ > e
dy + {dy — dg]e_“_t"”’r if fe| < ¢

The time Z, is the last time that le! < ¢;. The relay amplitude is thus increased
to dy when the error exceeds a limit ¢;. The relay amplitude then decreases
to a lower level d» when the error is less than e;. This gain changer increases
the relay amplitude and the response rate when large reference signals are
applied.

Another type of gain changer has been used to control the amplitude of the
limit cycle. The limit cycle amplitude at the process output is measured by a
band-pass filter and a rectifier. The relay amplitude is then adjusted to keep
the limit eycle amplitude constant at the process output.

d =

Dither Signals

In some applications it is desirable to avoid the limit cycle. One idea that has
been used successfully is to introduce a variable gain after the relay. The gain
is adjusted so that the limit cycle vanishes. In the early applications it was
diffieult to implement multiplications. A trick that was used to implement the
multiplication is illustrated in Fig. 10.10. A high-frequency triangular wave is
added to the signal before the relay. With low-pass filtering, the average effect

Dither signal N  Low-frequency
Dither characteristic of ¥
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Figure 10,10 The principle of using a dither signal.
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of the additive triangular signal is the same as multiplication by a constant.
The constant is inversely proporiional to the amplitude of the triangular wave.
The triangular wave is called a dither signal. Use of a dither signal is an
illustration of the idea that an oscillation may be quenched by another high-
frequency oscillation.

EXAMPLE 103  SOAS with lead network and gain changer

The relay control in Example 10.2 gave an error amplitude of about ¢y =
0.03. Assume that we want to decrease the amplitude by a factor of 3 while
maintaining d = 0.35. This gives a new oscillation frequency @}, such that
d|Gien)}) = 0.01
or @/, = 10 rad/s. To get this oscillating frequency, a lead network Gy is added
such that
arg Gy(iw),) + arg Go(iw,) = -=
Figure 10.11 shows a simulation of the system in Example 10.2 with the
compensation network
8+5
Gris) =12 ——
rs) s+ 15
As in Fig. 10.9, the gain is increased by a factor of 5 at ¢ = 25. It is seen that
the lead network decreases the amplitude of the oscillation while maintaining
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Figure 10,11 Simulation of the system in Example 10.3 using an SOAS
with a lead network. The dashed line shows the desired response y..
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Figure 10.12 Simulation of the system in Example 10.3 using an SOAS
with a lead netwoerk and a gain changer. The dashed line shows the desired
Tesponse ¥,,.

the response speed. To speed up the respunse, we can introduce the up-logic
for the gain. Figure 10.12 shows a simulation in which &y = 0.5, ds = 0.1,
and e; = 0.1. The error signal is decreased, but there is still an osciliation,
The behavior of the closed-loop system can be sensitive to the choice of the
parameters in the gain changer. Too large a value of dy will cause the error
to be larger than eg, and there will he no decrease in d nor in the ampilitude

of the error. The oscillation can be quenched by adding a dither signal at the
input of the process. r

The examples show how the properties of the SOAS can be changed by
using lead filters, gain changers, and dither signals.

Externally Excited Adaptive Systems

A system that is closely related to the SOAS is obtained by injecting a high-
frequency sinusoid to measure the gain of the process and to set the controller
gain. Such a system is calied an externaily excited adaptive system (EEAS) and
gives the designer more freedom than the SOAS because the frequency of the
excitation can be chosen more easily. This system is used for track-keeping in
compact disc players. The main source for the parameter variation is a gain
variation in the laser diode system. '
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Summary

The bhasic SOAS is simple to implement and can cope with large gain changes
in the process. Result 10.1 shows that the SOAS will automatically adjust
itself so that the amplitude margin is 2. However, the limit cycle in the SOAS
is noticeable and can be disturbing. The intreduction of lead network, gain
changer, and dither can decrease the amplitude of the oscillation. The EEAS
is a similar system in which a high-frequency signal is introduced externally.

10.4 VARIABLE-STRUCTURE SYSTEMS

In Section 102 we showed how fixed robust controllers can be obtained by
increasing the complexity of the controller. Another way to obtain a robust
controller is to use a special version of on-off control called a variable-structure
system (VS8). The key idea is to apply strong control action when the system
deviates from the desired behavior, The name “variable-structure” alludes to
the fact that the controller structure may be changed.

Sliding Modes

One way to change the structure of the system is to use different controllers
in different parts of the state space of the system. Consider the case in which
the control law switches on the surface

clx)=20
Assume that the closed-loop system is deseribed by

d_ (1 ot
dt fix) gx)<0

Two sitnations may occur, which for the two-dimensional case are shown in
Fig. 10.13. In Case (a) the trajectories will pass the switching curve and
continue into the other region. However, the dynamics are different in the two
regions. In Case (b} the vector fields will drive the state toward the surface
o{x) = 0. The control will change rapidly from one value to another on the
switching surface, This is called chattering. The net effect is that the state will
move toward the surface ¢{x}) = 0 and then slide along the surface. This is
called sliding mode. This sliding motion can be described as follows: Let f,
denote the projection of f on the normal of the surface & (x) = 0. Introduce a
number & such that

{10.5)

aff +(1-a)fy =0
The sliding motion is then given by
dx

—aft+(-@f
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(a)

(b}

clx)>0 olx)>0

Figure 10.13 The trajectories of Eqs. (10.5} at the switching surface. {a)
No sliding mode; {(b) sliding mode.

This was formally shown hy A. F. Filippov in the early 1960s. The control law
giving the sliding motion is sometimes called the equivalent control law. If
the switching is not ideal, then the trajectory will move back and forth over
the switching surface. This is the case, for instance, when there is hysteresis

in the switching. However, on average the motion will be along the switching
surface.

Stability and Robusiness

In a variable-structure system we attempt to find a switching surface such
that the closed-loop system behaves as desired. We now construel a variable-
structure controller. For this purpose we assume that the system that we want
to control is described by the nonlinear equation

dny B dj" du—ly dj' dn—ly
dtn 7)01 (yr Esﬂ-s dtn_1)+g1 (ys at---s d:‘:n_l)u

If we introduce the state

n—1 n—2 T
%= [“.’_____X vy dy ] (10.6)
dil den? ot
the system can be written as
60 ... 00 Hlx) + gr(x)u
de 11 0 ... 0 0 0
— = x+
dt : :
00 .. 10 0 (10.7)
= flx) + glx)u
y:[O 0 ... D l]x

where f{x} and g(x) are vectors. The system is nonlinear but is affine in the
control signal. Further, it is assumed that all the states can be measured and
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that the state vector has the special form given in Eq. (10.8}. For simplicity
it is assumed that the purpose of the control is to find a controller such that
x = 0 is an asymptotically stable solution. The problem with constant reference
signals is considered in Preblem 10.14 at the end of the chapter.

There are three important questions that must be answered for VSS:

« Will the trajectories starting at any point hit the switching line?
» Is there a sliding mode?
« 15 the sliding mode stable?

There are partial answers to these questions in the literature on V38, For the
spocial type of system defined by Egs. {10.7} it is easy to derive a controller
that makes the sliding mude stable.

Let the switching surface be

O(x) = pyxy + Paxp+ -+ PaXa = p x = 0 {(10.8)
Using the definition of the state vector, we find that

a(x) = pry" Y 4 pay" P w4 py =0

The dynamic behavior on the sliding surface can be specified by a proper choice
of the numbers p;. The motion is determined by a differential equation of order
n — 1. It will be stable if the polynomial

Pis) = pls"'_1 + pzs”"2 +--tpa {10.9)

has all its roots in the left-half plane.
To determine a control law that keeps the system on 5 (x) = 0, we introduce
the Lyapunov function Vi{x) = ¢2(x)/2. The time derivative of V is given by
dVv . . .
i o(x)é(x) = x ppTx

= pr (pr(x) + pTg(x)u(f))

fl

Choose the control law

T
ut) = -;"ijj;l; - p%g sign(o (x)) (10.10)
Then ey
“% = —uoix)sign(o(x)) (1011)

which is negative definite. This implies that o{x) = 0 is asymptotically stable.
Natice that there is a discontinuity in the control signal when the switching
surface is passed.

Assume that the system has initial values such that o{x) = oy > 0, and
let ¢, be the time when the switching surface is reached the first time. From
Eaq. {10.11) we find that

o(x) = —H
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Integrating this equation from 0 to ¢, gives
0-oy = _‘“(to -0}

which gives i, = op/u. Using the same arguments for o; < 0 shows that
tr = |gg|/ . With the control law given by Eq. {10.10) the state will thus reach
the switching surface in finite time. The subspace o(x) = 0 is asymptotically
stable, and the state will stay on the switching surface once it is reached. The
motion along the surface is delermined by Eq. {10.9).

Uncertainties in £ and g can be handled if y is sufficiently large. Assume
that the design of the control law is based on the approximate values Fand g
instead of the true ones. Then

T ST _ FoT
dv p (fg -fg )p e
@ - ° oTé M pTe sign(c)

The right-hand side is negative if ¢ is sufficiently large, provided that p¥'# and
pTg have the same sign. The systermn will thus be insensitive to uncertainties
in the process model.

One way to design a variable-structure system is to first transform the
system to the form given by Egs. (10.7). This is possible for controllable linear
svstems without zeros and for some classes of nonlinear systems. A siable
switching surface in the transformed variables is then determined. The system
and the switching criteria can then be transformed back to the original state
variables. Notice, however, that all states must be measured.

Smooth Contro! Laws

The control law (10.10) has the drawback that the relay chatters. One way to
avoid this is to make the relay characteristics smoother. To do this, introduce
a boundary layer around the switching surface

B = {z] o) <€} e>0

The parameter € can be interpreted as a measure of the thickness of the bound-
ary layer. The sign function in Eq. (10.10) iz now replaced by the saturation
function

1 o =E
sat(o, £) = {o-fg —ESO S E
-1 o < —£
The control law is then
T
el ¥
ult) = - — £ —sat(o{x), &) {10.12)
() p'e p'g {

The width of the houndary layer will influence the tracking performanee and
the bandwidth of the closed-loop system.
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EXAMPLE 104  Second-order VS5
Consider the unstable system

1
~d—x=[1 O]x+[ u=Ax+ Bu
dt 1 0 0

y = [0 1]x

which has the transfer function

To design a variable-structure controller we determine the closed-loop dynam-
ics by choosing the switching line

o(x) = pr1x1 + paxa = X1 + %3

Along the sliding line ¢ = 0 we have

G(x}:x1+x2:%+y=0

Since the system is in controllable form, the closed-loop behavior is independent
of the system parameters at the sliding mode. The sliding mode controller

x24

LI T T T T bl
2 -1 0 i

Xy
Figure 10.14 Phase portrait of the system in Example 10.4. The dashed
line shows o(x) = 0.
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(a) {b)
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Figure 10.15 The atates and the output as a function of time in Exam-
ple 10.4. The initial conditions are x,{0) = 1.5 and x;{0) = 0. The controllers
are (a) Eq. (10.10) with # = 0.5; (b} Eq. (10.12) with & = 0.5 and ¢ = 0.01.

(10.10) is now
T

A
utt) = ~F iz -~ psign(o )

- ( 2 0] x(t) - psign(o (=)
The phase plane of the system is shown in Fig. 10.14 when u = 0.5. The input
and the output for one initial value are shown in Fig. 10.15(a). The trajectories

hit the switching line ¢ = 0 and stay on it. This implies that the control signal
will chatter. Using the control law (10.12},

u(t) = — [2 o] x{t) — psat(c(x), £)

with £ = 0.01, gives the behavior shown in Fig. 10.15(b). The control signal is
now gmooth, but the differences in the state trajectories are negligible. (m]

Summary

Variable-structure systems are related to the self-oscillating adaptive systems
(SOAS). In variable-structure systems we want the system to get into a shiding
mode to cobtain insenscitivity to parameter variations. The control signal of

442 Chapter 10 Robusi and Self-oscillating Systerns

variable-structure systems will chatter in the sliding mode. The chatter can be
avoided by smoothing the relay characteristics. The amplitude of the control
signal is determined by the magnitude of the state variables or the errur. With
this modification the variable-structure system can be regarded as an SOAS in
which the relay amplitude depends on the states. The switching condition is a
linear function of the error in the SOAS, while in variable-structure systems
it is a nonlinear function of the states.

The theory on VSS can be extended to controllers, in which the feedback
is done from a reduced number of state variables. However, the conditions
will beeome more complex than those discussed in this section. There will be
more constraining eonditions on the choice of the switching plane. Since the
conditions for the existence of a sliding mode depend on the process and the
switching plane, there have been attempts to make adaptive VSS by adaptation
on o(x).

One main drawback of variable-structure systems is the problem of choos-
ing the switching plane. It also requires measurement of all state variables.
Another drawback is the chatter in the control signal in the sliding mode.

10.5 CONCLUSIONS

Robust high-gain control can be very effective for systems with structured
parameter variations, where the range of the variations is known, If the pa-
rameter bounds are wncertain, high-gain design methods will Jead to a complex
and conservative design. Relay feedback is an extreme form of high-gain sys-
tems. In this chapter we have described different ways to use relay feedback
to oblain systems that are insensitive to parameter variations. Self-oscillating
adaptive systems and variable-strueture systems are two applications of this
idea. The SOAS can be designed to work quite well, but it requires engineering
effort and some knowledge of the process to get a satisfactory performance of
the closed-loop system. These drawbacks have resulted in lack of interest in
the SOAS. However, the ideas behind SOAS have become useful in connection
with the auto-tuning of simple controllers, as discussed in Chapter 8.

PROBLEMS

10.1 Determine whether each of the following plants can be stabilized by a
linear fixed-parameter compensator when @ € (1, 1f:
() afs; (B) 1/(s+a) () 1/(L+asy (d)a/(L+s);
(e} af(L--s).

10.2 Consider the process
G.(s) =e*" T ejd 1]
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10.4

10.5

10.6

10.7
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Figure 10,16 The system in Problem 10.3.

(a} Show that the process can be controlled by a controller of the struc-
ture in Fig. 10.1 with

0.6(1+35/1.3)
s(1+3/2)

1+s
Crr(s) = 1+s/3

Gra(s} =

(b) Simulate the behavior for changes in the command signal and step
disturbances at the output.

(¢) Discuss how to make a self-tuning regulator based on pole placement
for the process.

Consider the linear closed-loop system shown in Fig. 10.16 with the
same (#{s) as in Example 10.2 and with & = 20. Determine the gain
K so that the amplitude margin is A, = 2. Simulate the system and
determine its step response. Compare this with the step response of the
corresponding SOAS in Example 10.2.

Consider a linear plant with the transfer function

k
Gs)= ——
(&) s(s + 1)2
where the gain & may vary in the range 0.1 < £ < 10. Determine the
relay amplitude d and a suitable lead network so that the limit cycle
amplitude at the process output is less than 0.05 and the rise time to

a step of upit amplitude is never less than 0.5. Simulate the resulting
design and verify the results,

Consider the aystem in Example 10.2. Experiment with a gain changer
of the up-logic type. Investigate how a dither signal will influence the
performance of the closed-loop system.

Consider the system in Problem 10.4. Design a gain changer that keeps
the limit cycle amplitude at 0.01 for the whole operating range.

Consider a system with the transfer function

k
G(S) = m
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where the gain * may change in the range 0.1 te 10. Design a servo
uging the SOAS principle so that the closed-loop transfer function is

1

Glsy = s2+s5+1

independent of the process gain.

Consider the system in Example 10.4 and assume that the controller

(10.10) is used with g = 0.5. Assume that the process is changed such
that

dx
-&}l = ax; + bu
Determine values of ¢ and & such that the elosed-loop system is still
asymptotically stable.

Assume that the nth-order single-input, single-output system

dx
a:Ax+Bu

is in companion form and that the control law is of the form

n
u=— fox, — psign{o(x))
i-1
Derive the necessary and sufficient conditions for the existence of a
sliding mode. When will the sliding mode be stable?

Consider the process in Problem 1.9. Design a robust controller for the
system. Investigate the disturbance rejection of the closed-loop system.

Consider the process in Problem 1.10. Design a robust controller for the
system. Investigate the disturbance rejection of the closed-loop system.

Design an SOAS for the system in Problem 1.9, and investigate its
properties.

Design an SOAS for the system in Problem 1.10, and investigate its
properties.

Consider the process in Eqs. {10.7). Assume that the reference value is
constant v,. The desired state is then
0 ¥ ]

Determine a controller such that x = x, is an asymptotically stable
solution. (Hint: Introduce the state error £ = x — xy, and consider the
Lyapunov function V(&) = o?(x)/2.)

Xg = [0
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CHAPTER 11

PRACTICAL ISSUES
AND IMPLEMENTATION

11.1  INTRODUCTION

The previcus chapters were devoted mainly to development of algorithms and
analysis of adaptive systems. In this chapter we discuss practical implemen-
tation of adaptive controllers. The presentation will be guided by theoretical
considerations, but since the issues are quite complicated, theory can cover
only part of the problems. Several issues will therefore be solved in an ad hoe
manner and verified by extensive experimentation and simulation.

Since an ordinary digital contreller i1s an integral part of an adaptive
controller, it is essential to master implementation of conventional controHers.
Some aspects of this are covered in Section 11.2. The discussion includes
computational delay, sampling, prefiltering and postfiltering, and integrator
windup. Autematic design of a controller is another important part of an
adaptive controller. In this book we have mostly used simple design methods
based on pole placement. In Section 11.3 we discuss how this design method
can be modified in several ways to accommodate more complex specifications
and to make it more robust. The design technique requires the solution of a
Diophantine equation. Efficient numerical methods for doing this are discussed
in Section 11.4.

Parameter estimation is another important part of an adaptive controller,
Implementation of estimators is discussed in Section 11.5. This includes choice
of model structure, data filters, and excitation. The ability of an adaptive
controller to track time-varying parsmeters is an important issue. There are
several ways to do this. Two techniques, exponential forgetting and covariance
resetting, are discussed in detail. it turns out that exponential forgetting

448
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in combination with poor excitation ean give rise to an undesirable effect
called covariance windup. This phenomenon is discussed in delail together
with several ways of avoiding it. The techniques discussed include constant
trace algorithms, directional forgetting, and leakage. A technique to make
the estimator less sensitive to outliers is also discussed in Section 11.5. It
is important to have numerically efficient methods for recursive estimation.
Square root algorithms, which are numerically superior to the conventional
algorithms, are discussed in Section 11.6.

In Section 11.7 we discuss the interaction between estimation and control.
We show that difficulties can arise if integral action 15 implemented inappro-
priately. We also show how the criteria for control and estimation can be made
comypatible by appropriate choices of the data filter and the experimental con-
ditions.

Some prototype algorithms are given in Section 11.8. To implement a
control system successfully, it is necessary to consider all situations that may
oceur in practice. Conventional controllers typically have two aperating modes:
manual and automatic. Adaptive controllers have many more modes. This
is discussed briefly in Section 11.9, which covers startup, shut-down, and
switching between different modes. Supervision of adaptive algorithms is also
discussed in that seetion. ’

112 CONTROLLER IMPLEMENTATION

An ordinary controller is an important part of an adaptive controller. Compare
with the block diagram in Fig. 1.1. It is, of course, important that the controller
be implemented in a good way. Implementation of digital controllers is treated
in books on digital control. Some aspects are summarized in this section.

Computational Delay

Because the analog-to-digital (A-D) and digital-to-analog (D-A) conversions
and the computations take time, there will always be a delay between the
measurement and the time the control signal is applied to the process. This
delay, which is called the computationol delay, depends on how the control
law is implemented in the computer, Two ways are illustrated in Fig. 11.1. In
Case (a) the measured variable al time £, is used to compute the control signal
applied at time #;,;. In Case (b) the control signal is applied as soon as the
computations are finished. The disadvantage of Case {a) is that the control
action is delayed unnecessarily. In Case (b) the disadvantage is that the time
delay may change, depending on the load on the computer or changes in the
program. In both cases it can be necessary to include the computational delay
in the design of the controller.
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Figure 11.1 Two ways to synchronize inputs and outputs. (a) The signals
measured at time #; are used to compute the contrel signal applied at ¢,,,.
(b} The control signal is applied as soen as it is computed.

In Case (b} it is desirable to make the delay as small as possible, This can
be done by performing as few operations as possible between the A-D and D-A
conversions. Assume that the regulator has the form
u(fy + rpft — Ly + ..+ rpult — &)
=t (E) + o bt —m) - soy(t) — L — syt =)

This equalion can be written as

u(t) = bl (I) - ""Oy(t} + u’(t - 1)

where

Wit-1 =ttt - D+ +tpu-m)—siy - —. .. —sylt =1}
—rult— 11— ... —rult -~ k)
Notice that the signal «’{f — 1) contains Information that is available at time

t ~ 1. An implementation of the control algorithm that exploits this to make
the computational delay as small as possible is the following:

1. Perform A-D conversion of y(t) and u.{¢).
2. Compute u(t) = touclt) — sox(t) + u'(t — 1),
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3. Perform D-A conversion of u(¢).
4. Compute

Wt = fu 8+ b - m LY — s - syt L+ 1)
—ra(ty - rpu{t-k+1)

The computational delay can thus be significantly reduced by a proper
implementation of the controller. In a proper implementation the delay can he
reduced. Apart from the two muitiplications and the two additions, (1) must
be tested for limitations and anti-reset windup must be done in a proper way.
Since the computational delay appears in the same way as a time delay in the
process dynamics, it is important te take it inte account in designing a control
system. A common rule of thumb is that the time delay can be neglected if
it is less than 10% of the sampling period. For high-performance systems il
should always be taken into account. Since the time delay is not known until
the algorithm has been coded, the control design may have to be repeated. For
an adaptive system it s important that the model structure is chosen so that
the computational delay can be sccommodated. In multitasking sysiems 1t may
also happen that the computational delay varies with time.

Sampling and Pre- and Postfiltering

The choice of sampling rate is an important issue in digital control. The sam-
pling rate influences many properties of a system such as following of command
signals, rejection of load disturbances and measurement noise, and sensitivity
to unmodeled dynamics. Selection of sampling rates 1s thus an essential design
isgue.

One tule of thumb that is useful for deterministic design methods is to let
the sampling interval i be chosen such that

wh =02--06

where @, is the natural frequency of the dominating poles of the closed-loop
system. This corresponds to 1260 samples per undamped natural perind. The
sampling frequency is w, = 27/h.

In all digital systems it is impertant that signals are filtered before they
are sampled. All components of the signal with frequencies above the Nyquist
frequency, my = @,/2 = 7/h should be eliminated. If this is not done, a gignal
component with frequencies & > @y will appear as low-frequency components
with the {requency

W, = |[({& + @n) mod w) — Oy

This phenomenon is called aligsing, and the prefilters introduced before a
sampler are called anti-aliasing filters. Suitable choices of anti-aliasing filters
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Table 11.1 Damping and natural frequency of second-, fourth-, and sixth-
order Butterworth, ITAE. and Bessel filters. The filters have the bandwidth
Wy

Order Butierworth ITAE Bessel
@/ wy g mjwg 4 @/wn 4
2 1 0.71 1 071 1.27 0.87
4 1 0.38 1.48 0.32 1.59 0.62
1 0.92 0.83 0.83 1.42 0.96
6 1 0.26 1.30 0.32 5.14 0.49
1 0.7l 0.98 0.60 4.57 0.82
1

0.97 0.79 0.93 4.34 0.98

are second- or fourth-order Butterwerth, ITAE (integral time absolute error),
or Bessel filters. They consist of one or several cascaded filters of the form

(92

52 + 28 ws + w?

Grls) =

Let wp be the desired bandwidth of the filter. The damping  and the frequency
@ for filters of different orders are given in Table 11.1. The Bessel filter has
the interesting property that its phase curve is approximately linear, which
implies that the waveform iz also appreximately invariant.

The prefilter introduces additional dynamies into the system that have to
be taken into account in the control design. The Bessel filter can be approxi-
mated with a time delay. Assume that the bandwidth of the filter is chosen to
be

e (IWNH = ﬁ
where G, (s) is the transfer function of the filter and wy = #/h is the Nyquist
frequency. Parameter 8 is the attenuation of the filter at the Nyquist frequency.
Table 11.2 gives the approximate time delay Ty as a function of B. The table

Table 11.2 The approximale time delay T; due to the anti-aliasing filter
as a function of the desired attenuation £ at the Nyquist frequency for a
fourth-order Bessel filter. & is the sampling period.

Fi] wy/owp  Tifh

0.05 3.1 2.1
6.1 25 1.7
0.2 2.0 1.3
0.5 14 0.9

0.7 1.0 0.7
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also gives wy as a function of filter bandwidth w5 . The relative delay increases
with attenuation. For reasonable values of the attenuation the delay is more
than one sampling period. This means that the dynamics of the filter must be
taken into account in the control design. We illustrate this by an example.

EXAMPLE 111 The effect of the anti-aliasing filter
Consider a process described by

1
Gs) = s{s+1)
A pole placement controller is designed to give a closed-loop system whose
dominant poles are given by @,, = 1 rad/s and {,, = 0.7. The digital controller
has a sampling period of k = 0.5. To illustrate the effect of aliasing, we assume
that the oatput of the system is disturbed by a sinusoidal signal; that is, the
measured signal is

Ym(t) = ¥(f) + agsin(wat}

with ag = 0.1. This signal is filtered through a fourth-order Bessel filter with
bandwidth wpg. Figure 11.2 shows a number of simulations of the system that

@ § (M) | M
: - C
i PN N /_/\
1 e i
hJ
u
0
T T T e
1] 5 10 15 20
Tim. Time
(©) 4 u | R
11 1 P
¥ ¥
113 1
0 (]
T T T T T T T -
0 5 10 15 20 ¢ 5 g 15 20
Time Time

Figure 11.2 Output, reference vahie, and control signal for the system in
Example 11.1. The measurement disturbance has the frequency w, = 11.3
radfs. (a) @y = 25 rad/e, (b) wz = 6.28 radls; {¢) ws = 6.28 rad/s and
the regulator compensated for a delay of 0.7k; (d} wp = 2.51 rad/s and the
regulator compensated far a delay of 1.7A.
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llustrate the effects of aliasing and filtering. Figure 11.2{a) shows seipoint,
process output, and control signal, Since the bandwidth of the filter is wp = 25,
the measured signal is not attenuated much by the filter. The disturbance
with frequency @y = 11.3 is aliased to 1.3 rad/s because of the sampling
with Nyquist frequency @y = 27. The aliased disturbance is clearly visible
in the process input and output. In Fig. 11.2(h) the bandwidth of the prefilter
is reduced to wg = 6.28 rad/s. This bandwidth is not sufficiently small to
give a substantial reduction of the disturbance. Notice also that the overshoot
has increased a little because of the delay in the prefilter. In Fig. 11.2(c) the
dynamics of the prefilter have heen taken into account by adding a time delay
of 0.7h in the model. The overshoot is then reduced, but the effect of the
disturbance is similar to Fig. 11.2(b). In Fig. 11.2{d) the filter bandwidth has
been reduced to wy = 2.51. The disturbance is now reduced significantly. We
have also taken the dynamics of the filter into account as a time delay of 1.74
in designing the controller. The aliased disturbance is now barely noticeable
in the figure. u|

Example 11.1 shews that it is important to use an anti-aliasing filter and
that the filter has to be considered in the design. For a Bessel filter, hawever, it
is sufficient lo approximate the filter by a time delay. The additional dynamics
cause no principle problems for an adaptive controller because all parameters
are estimated. However, inclusion of the prefilter dynamics will increase the
model order significantly. In the particular case of Example 11.1 the model
will increase from second order to sixth order. This means that the number of
parameters that we have to estimate increases from 4 to 12. A simple way to
reduce the number of parameters is 1o approximate the prefilter by a delay. It
is then sufficient to estimate five parameters of the model

(&) + aryit - B) + aoy(t - 2h) =
bou(t — dh) + byu(t — dh — h) + bault — dh — 2h)

where the value of ¢ depends on the bandwidth of the filter {sce Table 11.2).
It is cummbersome and costly to change the bandwidih of an analog prefilter.
This poses problems for systems in which the sampling rate has to be changed.
A nice implementation in such a case is to use dual rate sampling. A high fixed
samphing rate is used together with a fixed analog prefilter. A digital filter is
then used to filter the signal at a slower rate when that is needed. This implies
that fewer parameters have 1o be estimated, .
The output of a D-A converter is a piecewise constant signal, This means
that the conlrol signal fed to the actuator is a piecewise constant signal that
changes stcpwise at the sampling instante. This is adequate for many pro-
cesses. However, for some systems, such as hydraulic serves for flight control
and other systems with poorly damped oscillatory modes, the steps may excite
these modes. In such a case it is advantageous to use a filter that smooths
the signal from the D-A converter. Such a filter is called a postsampling filter.
The postzampling filter may be a simple continuous-time filter with a response
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time that is short in comparison with the sampling time. Special I>-A convert-
ers that give a smooth signal have also been constructed. Another solution to
the problem is to use a system with dual rate sampling. The primary control
system should then be designed so that the output is piecewise linear between
the sampling instants. A fast sampling can then be used to generate an ap-
proximation to this signal, possibly followed by an analog postsampling filter.

Controller Windup

Linear theory is adcquate 1o deal with many problems in contrel system design.
There is, however, one nonlinear problem that we must deal with in almost
all practical control systems, and that is actuator saturation. The feedback
will be broken when the actuator saturates. Large deviation may then oceur
if the process or the controller is unstable. A simple case in which this occurs
is when the controller has integral action. The phenomenen was first ahserved
in connection with PID control, It is therefore often called integraivr windup
because the integral term “winds up” when the actuator is saturated. Since in-
tegral action was also called reset, the phenomenon is also called resef windup.
[t is necessary to include a scheme for avaiding windup in system% in which
the procese and/or the controller is unstable.

There are many different ways to introduce anti-reset windup. One simple
way is based on the interpretation of a controller as a combination of a state
estimator and state feedback. Such a system is shown in Fig. 11.3. The con-
troller is composed of two compeonents, a state estimator and a state feedbhack.
The state esiimator determines an estimate of the state based on the process
input and output. The state feedback gencrates the control signal based on the
estimated state. It is intuitively clear from the figure that the state estimator
will perferm poorly when the actuator saturates because it is uses a wrong

(a)

_on P X 2] ¥
Estimalor— State #| Actuator—* Process

’—p feedback

(b}

[~]

X . N Tu . ¥
. State - —
E Al - 1 - e
stimator feedback Actuator Process

Figure 11.3 Block diagrams of controllers based on state feedback and state
estimation with a process having a nonlinear actuator.
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value of the control signal applied to the proeess. This interpretation also sug-
gest that the problem can be avoided by feeding back the actual process input,
ug, or an estimate of it as in Fig. 11.3(b).

Since we are using polynomial representations of the controller in this
book, we also give a polynomial interpretation of the scheme. Consider the
controller

Rg)u(t) = T(@uc(t) - S{@)y{t)

where the polynomial R{g) is assumed to be monic. The controller can be
written in observer form as

Aslqulty = T(@u.(2) — S{g)xy(t} + (Aulg) — R{g)ult)

where A,{g) is the observer polynomial. Let the saturating actuator be de-
scribed by the nonlinear funetion f(u). A controller that avoids windup ig then
given by

Adqw(t) = Tlau(t) - S(@w(t) + (Aulg) — Righult)
u(t) = f(o(t)

A similar scheme can be used when the saturation is dynamic. Notice that the
controller responds with the observer dynamics when the feedback is broken.
A particularly simple case is when A7 = 1, which corresponds to a deadbeat

A
1 Don, nunvnvn

(11.1)

0 20 a0 60 80 100
Time
50 4
7
0
_50
T L T -
0 20 40 &0 20 100
Time

Figure 11.4 Simulation of adaptive conirol of the unstable process with a
saturating actuator in Example 11.2.
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observer, The controller is then

u(t) = F(T{g Muelt) - $°(g @) + (L= R*(g )ult)

We illustrate windup by an example.

EXAMPLE 11.2  Windup and how to avoid it

Consider the simple example of adaptive control in Example 3.5. The process
has the transfer function .
Gls) = s(s+ 1)

Assume that there is an actuator that saturates when the magnitude of the
control signal is 0.5. Figure 11.4 shows the behavior of the system if no pre-
cautions are taken in the controiler. The figure clearly shows the detrimental
effects of actuator saturation, The process runs open loop when the actuator
saturates, and the output is drifting because the process has an integrator.
This will also happen with a controller with fixed parameters. With an adap-
tive controller the saturation also causes the pain parameters (b and b;) to
be underestimated, The controller gain is then too high, and the system be-
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Figure 11,5 Simulation of an adaptive controller for a process with a sat-
urating actuator with a controller having windup protection. Compare with
Fig. 11.4, which shows the same simulation for a system without windup
pratection.
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comes unstable. Windup is thus much more serious in adaptive conirol than
in a controller with constant gain.

Figure 11.3 shows a simulation corresponding to Fig. 114 when the mod-
ification (11.1) is introduced to avoid windup. In this case there are clearly
no diffieulties. The control signal remains within the bounds —0.5 < u < 0.5
all the time. If the control signal saturates over a longer peried of time, the
adaptation should be switched off. m]

Windup will always cause difficuliies. In cases like Example 11.2 the phe-
nomenen is serious because the process is unstable. If the controller is unstable,
the control law given by Eqgs. (11.1} will automatically reset the controller siate
with a speed corresponding to the chserver dynamics.

11.3 CONTROLLER DESIGN

Automatic control design is another important part of an adaptive controller.
Fairly simplistic design methods were uscd in developing the adaptive con-
trollers in Chapters 3, 4, and 5. Simple methods werc used to keep the overall
complexity of the system reasonable. To achieve this, it was sometimes neces-
sary to assume that the processes were minimum-phase systems. This was the
case, for example, for moedel-reference adaptive systems. Since control design is
done automatically in closed loop, it is also necessary to intreduce safeguards
to make sure that all conditions required for the design method are fulfilled.
For instance, it may be neecessary to test whether the estimated process model
is ninimum-phase or whether there are common factors in the estimated poly-
nomials. Direct adaptive controllers have the advantage that the design step
is eliminated, since the parameters of the regulator are estimated directly. No-
tice, however, that several assumptions are made implicitly in using the direct
algorithms. Direct methods are also restricted to special classes of systems.

Design Procedures

Many different design procedures can be used for adaptive control. Feedback
by itself can make a closed-loop system insensitive to variations in process
dynamics. There are also special so-called robust design methods that take
process uncertainty into account explicitly. In deriving an adaptive controller
it seems appealing to base it on a robust design method. It is also of interest to
try to combine robust and adaptive control. The estimator should then provide
estimates of the model and its uncertainty. The design method should take the
uncerlainty into aceount. Unfortunately, control and estimation theory has not
yet progressed to the state in which such estimation and control procedures
are available. Many of the robust design methods do also require manual
interaction. Such procedures cannot be used in an adaptive controller. The pole
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placement design procedure is quite useful in practice, in spite of its simplicity.
However, it can be improved significantly by some simple modifications that
give more robust closed-loop systems. Some ways to do this are discussed in
this section.

Specifications

To obtain a robust controller, it is very imporiant that specifications be chosen
in a sensible way. With a pole placement design, this means that the desired
closed-loop poles have to be chosen with care. Poles that arc teo fast will give
controllers that are very sensitive. This can be understood from the following
expression, which gives a sufficient condition for stability of a pele placement
design:
H{z)T() |

Hpy(2)51(z)

In this expression, H is the pulse transfer function of model used to design the
controller, Hy is the pulse transfer funetion of the true plant, H, = B.,/A,
is the desired response, and S and 7 are the controller polynomials. The
inequality should hold on the unit circle. The condition implies that high model
precision is required for thosc frequencies at which the desired closed-loop
system has significantly higher gain than the model.

A reasonable way to determine the closed-loop pales is to make the obser-
vation that it iz difficult to obtain a crossover frequency that is significantly
higher than the frequency at which the plant has a phase lag of 180"~ 270", No-
tice that these frequencies can conveniently be determined by a relay feedback
experiment.

|H(z) — Hol2)] <

Youla Parameterization

The Diophantine equation is a key element of pole placement design. This
equation has many solutions. If the polynomials RY and 8 are solutions of
the equation '

AR+ BS" = A?
it follows that the polynomials R and § given by

R-XR"+YB

11.2
S=X58"-YA (11.2)

gsatisfy the equation
AR + BS = XA?

If a controller characterized by the polynomials B and S° gives a closed-loap
system with the characteristic polynomial A", then the controller

[

(XR°+YB)u = —(XS8"-YA)y (11.3)
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1
z sl #~ Process
R°

Figure 11.8 Block diagram of the closed-loop system with the controller
(11.4).

gives a closed-loop system with the characteristic polynomial X A°. The system
is stable if the polynomial X is a stable polynomial but the polynomial ¥ can be
chosen arbitrarily. It thus follows that if the controller R%z = —8%y stabilizes
ihe system Ay = Bu, then all controllers that stabilize the system are given by
Eq. (11.3). The equation is called the Youle porameierization of all controllers
that stabilize the system, Equation (11.3) can also be written as
)
u = —%y+ F}i}a(Ay_Bu) {11.4)

This control law is illustrated by the block diagram in Fig. 11.6.

Robust Pole Placement

The Youla parameterization can be used to impose extra conditions on the
controller. This idea was used in Section 3.6 to obtain controllers that have
integral action, We now use it to improve the robustness of the controller.
One way to do this is to require that the controller have small gain for those
frequencies at which the process is very uncertain. For example, it is useful
to require that the controller should have zero gain at the Nyquist frequency.
This is accomplished by the condition S(-1) = 0. We can also require that the
controller gain be zero at frequency wp. This is equivalent to requiring that
the polynomial
g2 — 2eos{mphdg + 1

be a factor of Sig). To satisfy such requirements, the order of the closed-loop

system must thus be increased. The additional poles introduced are specified
by the polynomial X. We illustrate this by an example.
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EXAMPLE 113  Robust pole placement

Assume that we have obtained a controller R?, S that gives a closed-loop
system with the characteristic polynomial A? and that we want to improve its
robustness by requiring that S(~1) = 0. To do this, we introduce one more
closed-loop pole. We choose

Xig)=qg-x
with |xo! < 1. The polynomial Y can also be of first order. Equation (11.2) gives
Sig) = {g - x)8*(q) - (g - yo)Al®)
Requiring that S{ 1) = 0 gives
_ (1 +x0)8°(-1)
yop = -1+ = A(-T)
The robust controller is then characterized by
R{q) = (g —x0)R’(@) + (g - y0) B{q)
S{g) = (g —*0)8°(¢) ~ (7 - ¥a)Alg)

Notice that it is possible to proceed recursively to make the controller more
and more complex. |

Decoupled Command Signal and Disturbance Responses

Consider the pracess

Ay = Bu+v
and the controller
Ru = Tu, - Sy
The closed-loop system is characterized by
BT R
YEaA Al
AT 8 (11.5)
= —E iy, — X: o

where A, = AR + BS is the closed-loop characteristic polynomial. Assume
that no process zeros are canceled, and factor the characteristic polynomial as
A, = A A, If we choose T = T'A,, Eqgs. (11.5) become

BT R
O L v
AT S
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The command signal response is poverned by the dynamics of A,,, but the
disturbance response is governed by the dynamics of 4,4,,. In this sense it
is thus coupling between the command signal response and the disturbance
response. In some cases it is desirable that the dynamics of the command signal
responses and the disturbance responses are completely decoupled. This can be
achieved by requiring that T = T'A, and R = R'A,. The closed-loop system
is then characterized by

BT’ B

¥y = A—muc + A—(JU
AT )

u = A—mlt{;’ ZUA,RU

The Diophantine equation then becomes
AAmR’ + BS = AnAn:

To have a causal controller, we must require that degA,, = degA. The
minimum-degree eausal solution te this equation is such that deg § = deg A +
deg A,, — 1. Furthermore, deg R = degA,, + deg A, — deg A. To have a causal
controller, we must thus require that deg 8§ < deg R. This implies that

deg A +degA, —1<degd, +degA, —degA

Hence deg A, > 2degA — 1. We thus find that the minimum-degree solution
that decouples the response to command signals and disturbances is such that

degd,, = n degd, = 2n -1 deg R =degS =2n -1

where n = deg A.

A design of this type can be very useful when there are very noisy mea-
surements and a fast sefpoint response is desired.

114 SOLVING THE DIOPHANTINE EQUATION

Several of the design methods discussed earlier involve the solution of a Dio-
phantine equation

AR + BS = A, (11.6)

Efficient methods for solving this equation are needed. The equation is linear
in the polynomials R and S. A solution always exists if A and B are relatively
prime. However, the equation has many solutions. This is easily seen: If R
and S° are solutions, then

R =R+ BQ

S =5 AQ
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are also solutions, where § is an arbitrary polynomial. A particular solution
can be specified in several different ways. Since a controller must be causal,
the condition deg S < deg R must hold. This condition will restrict the number
of solutions significantly. An efficient way to solve the equation is to use a
classical algorithm of Euclid.

FEuclid’s Algorithm

This algerithm finds the greatest common divisor & of two pelynemials A and
B. If one of the polynomials, say B, is zero, then G is equal to A, If this i3 not
the case, the algorithm ig as follows. Put Ay = A and By = B and iterate the
equations

An+l = Bn

B, = A, mod B,

until B,,: = 0, The greatest common divisor is then G = B,. When A and B
are pelynomials, A mod B means the remainder when A is divided by B. This
is in full agreement with the case when A and B are numbers. Backtracking,
we find that G can be expressed as

(11.7)

AX + BY = G (11.8)

where the polynomials X and Y can be found by keeping track of A, div B, in
Euclids algorithm. This establishes the link between Ruclid’s algorithm and
the Diophantine equation. The extended Buclidean algorithm gives a conve-
nient way to determine X and Y as well as the minimum-degree selutions U
and V to

AU +BV =0 i11.9)
Equations {11.8) and {11.9} can be written as

F[;]:[ff i][g]:[ﬁ] (11.10)

The matrix ¥ can thus be viewed as the matrix, which performs row operations

T T
on [A B ] o give [G 0] . A convenient way to find F is to ohserve

that
X Y A 1 0] G X Y
UV][BO] *[0 UV]
The extended Euclidean algorithm can be expressed as follows: Start with the
matrix
M [A 1 {)]
"B 01

If we assume that degA > deg B, then calculate § = Adiv B, multiply the
second row of M by @, and subtract from the first vow. Then apply the same
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procedure to the second row and repeat until the following matrix is obtained:
[ G X Y
o U Vv

A nice feature of this algerithm is that possible common factors in A and

B are determined automatically. The essential difficulty in implementing the
algorithm is to find a good way to test for a polynomial being zero,

Solving the Diophantine Equation

By using the extended Euclidean algorithm it is now straightforward to solve
the Diophantine equation
AR + BS = A, (11.11)

This is done as follows: Determine the greatest commeon divicor G and the as-
sociated polynomials X, Y, U/, and V using the extended Kuclidean algorithm.
To have a solution to Eq. (11.11), G must divide A,. A particular solution is
given by

RY = XA divG
. _ (11.12)
SY = YA . div(e
and the general solution is
R=R'+QU
o (11.13)
§=8"+V

where € is an arbitrary polynomial. The minimumn-degree solution is obtained
by choosing @ = —8%div V. This implies that § = 8% mod V.

Relations to Ordinary Linear Equations

By equating coefficients of equal order, the Diophantine equation given by
Eq. (11,11} can be written as a set of linear equations:

(1 o ... 0 by 0O ... OO

ay 1 - by by Tll o1 — 21 )

az a3 o0 by b o0 :

S [ r der, —Q

. 1 : bg k = ch n (11.14}

Gn . ay bu : bl v Trntl

0 an 0 bl’l

. 8¢ J LT P S R
0 0 a, O 0 &,
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The matrix on the left-hand side is called the Sylvester matrix; it occurs fre-
quently in applied mathematics. It has the property that it is nonsingular

if and onliy if the polynomials A and B do not have any common factors. If

there are no common factors, a unique solution to Eq. (11.14) exists. Notice,
however, the nonuniqueness with respect to the orders of £ and §. Different
choices of £ und { will give different R and S, as discussed above. The solution
to Eq. (11.14} can be obtained by Gaussian elimination, This method does not
use the special structure of the Sylvester matrix.

11.5 ESTIMATOR IMPLEMENTATION

There are many issues that have to be considered in the tmplementation of an
estimator, This section can be summarized by the following motto:

“UJse only good relevant data, sreat it carefully, and den't throw away
useful information.”

The key issue is that we want to obtain a model that is relevant for the
task of control system design and that we want to track changes in the model.
The tasks are influenced by many factors. In this section we discuss selec-
tion of model structure, filtering and excitation, parameter tracking, estimator
windup, and robustness modifications.

Model Structure

The real physical processes that we try to control may have complicated dy-
namics. They may be nonlinear or infinite dimensional. One reason for the
success of automatic control is that good control can often be based on rela-
tively simple dynamical models. Such models can work very well under specific
operating conditions, but the parameters of the model will depend on the oper-
ating conditions. In adaptive contrel it is attempted to fit a simple linear model
on line and to adjust the parameters. For this purpose it is of paramount im-
portance to understand what happens in fitting complicated dynamics with
simple models. One fundamental fact is that the result obtained is crucially
dependent on the nature of the input signal. This is illustrated by the following
example.

EXAMPLE 114 Fitting low-order models to high-order systems

Consider a process with transfer function G(s), Assume that cone attempts to
mode! the system by a first-order system with transfer function

466 Chapter 11 Practical Issues and Implementation

If the input signal is sinusoidal with (requency @, it 1s possible to get a perfect
fit with finite values of the parameters if Im{G{iw,)} # 0. Straightforward
calculations show that G(iw,) = G{iw,) if the parameters are chosen to be

Wo Re_z{ Glio,)}
Im{G{im,}}
|G (i)
Im{Gim,))
The transfer function of the mode! will then fif the data perfectly, but the

parameters obtained depend on .. The parameter values may change signif-
icantly with the {requency of the inpul signal. a

b=

An intercsling property of adaptive systems is that the parameters are
estimated in closcd loop. This implies that the simple model in the adaptive
controller is fitted with the actual signals generated by the feedback. [t explains
intuitively the self-tuning property.

Another important observation is that the difficulty in on-line parameter
estimation increases significantly with the number of parameters in the model.
With many paramcters the requirements on excitation also increase. For this
purpose it is useful tn try to reduce the number of unknown parameters as
much as possible, This can be done by using a priori knowledge. This is often
expressed in continuous-time models. The results arc also strengly application
dependent. Examples of this are given among the problems in the end of this
chapter. Models consisting of low-order dynamics and time delays have proved
very useful in process contro}. Such models can be represented by pulse transfer
funciions of the form
h()Z + b]

) = ae ey

(11.15)

or .
b;_]Zz + blz -+ hz

z“’_{zz + .z I+ Cl,z)

Hylz) = (11.16)

where the time delay t is between dh and dk + h. Equation (11.16} can also
represent second-order oscillatory systems. More b parameters can be included
if the time delay is uncertain. In many cases it is known a priori that there
are integralors in the model. This leads to transfer functions that contain the
factor z - 1 in the denominator.

Data Filters and Excitation
Assume that the process is described by the discrete-time model
¥(t) = Golg)ult) + vit) {1L.17)

Notice thal pessibie anti-aliasing filters appear as part of the process Golg).
The disturbanee v(t) can be the sum of deterministic, piecewisc deterministic,
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Figure 11.7 Amplitude curve for the data filter H,(g).

and stochastie disturbances. The signal has low-frequency and high-frequency
components. In stochastic control problems it is important to design a con-
troller that is tuned to a particular disturbance spectrum. In that case it is, of
course, important to estimate the disturbance characteristics. In a determinis-
tic problem we are concerned primarily with the term Gu(g)u(f) in the above
cquation, and we are not particularly interested in the detailed character of
the disturbance v{t}. In the following discussion we consider this case.

The presence of the disturbance v{f) will, of course, create difficulties in the
parameter estimation. However, the effect of v(f) can be reduced by filtering.
Assume that we introduce a data filter with the transfer function A, and that
we apply this filter to Eq. (11.17). Then

yelt) = Gol@up(e) + vl (11.18)

where

yrt) = Helgiy(t)  uglt) = Helqu(t)  and  wpit) = Helglolt)

By a proper choice of the data filter we may now make the relative influence of
the disturbance term smaller in Eq. {11.18) than in Eq. {11.17). The filtering
should also emphasize the frequency ranges that are of primary importance
for control design. The disturbance v(¢) lypically has significant components
with low frequencies. Low-frequency components should thus be reduced. Very
high frequencies should similarly be attenuated. One reason for this 1s that if
the model
Alg)yr(8) = Blghur(t)

is fitted by least squares, it is desirable that A{g)u,(¢) be white noise. Since
filtering with A implies that high frequencies are amplified, it means that v,(z)
should not contain high frequencies. The data filter will therefore typically have
band-pass character, as shown in Fig. 11.7. The center frequency is typically
around the crossover frequency of the system.

In Section 3.5 we suggested using a filter with the transfer function

t

1) RemAE
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This filler is a typical low-pass filter that does not attenuate low frequencies.
In Section 11.7 we will present other ways te choose the data filter. A typical
data filter 15 given by

Some ways to choose the data filter will be discussed later.

It has been emphasized many times that it is necessary for the input signal
to be persistently exciting of sufficiently high order to estimate parameters
reliably. Taking into account that we are fitting low-erder models 10 high-order
systems, it is also nmecessary that persistency of excitation be achicved with
signals in a frequency band where model accuracy is required.

Parameter Tracking

The key property of an adaptive controller is its ability to track variations
in process dynamics. To do so, it is necessary to discount old data, a process
that involves compromises. If parameters are constant, it is desirable to base
the estimation on many measurements to reduce the effects of disturbances.
If parameters are changing, however, it can be very misleading to use a long
data record, since the parameters may not be the same. There are many ways
to aceommodate this problem. The best solutions are obtained if the nature
of parameter variations is known. There are two prototype situations. One
case is when parameters are slowly drifting; the other is when parameters are
constant for long periods and jump from one value to another. Many attempts
have been made to deal with the preblem of parameter tracking, and there
is a substantial literature. Most work is based on the assumption of detailed
descriptions of the nature of parameter variaticns. A typical example is that the
parameters are Markov processes with known transition probabilities. Such
detailed information about the parameter variations is rarely available, and
we therefore give some heuristic ways 1o deal with parameter tracking.

Exponential Forgetting

Exponential forgetting is a way to discard old data. It is based on the as-
sumption that the least-squares loss function is replaced by a loss function in
which old data is discounted sxponentially. It follows from Theorem 2.4 that
the recursive least-squares estimate with exponential forgetting is given by

By = 81 - 1) + K1) (5(0) - 0" (06t - 1))
K(0) = Pt - Do) (A + o7 (P - Do (®) (11.19)

P(O) = 5 (I~ K@ @) P-1)
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Table 11.3 Relationg between the ratio T;/h and the coefficient A,

Ti/h A
1 087
2 061
5 082
10 090
20 095
50 098

100 0.99

where the sampling period 2 was chosen as the time unit. The forgetting factor
is given hy
11 _— h{Ty

where Ty is the time constant for the exponential forgetting. To make an
assessment of reasonable values of the forgetting factor, we give the values
of the forgetting factor for different ratios Ty /h in Table 11.3.

It is possible to generalize the method with exponcntial forgetting and have
different forgetting factors for different parameters. However, this requires
information about the nature of the changes in different parameters. Another
medification is to modify Egs. (11.19} s that only the diagonal elements are
divided by A.

Tracking of a time-varying parameter is illustrated by an example.

EXAMPLE 115  Tracking parameters of a time-varying system
Consider a process described by the differential equation

Y - 0+ K,

where the process gain is time varying. The process is controlled by an indirect
adaptive controller that estimates parameters of the discrete-time model

yikh + k) + ay(kh) = bu(kh)

and designs a controller with integral action using robust pole placement with

Anl@) =g tam=q -
and
Alqy=g+a, =g—e"'"

Straightforward computations give a controller of the form

u(kh) = tou,(kh) + tiu.(kh — h} — sey(kh) — s y(kh — k) + ulkh — k)
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Figure 11.8 'Tracking timc-varying parameters.

where
; 1l+am,
0=
b

tl = a,,f(]

l+a, +an ~o
§g = — —

Gyl + @
8l = ————

b

Since only the process gain is unknown, we will estimate only the parameter b.
In the simulation we will also assume that the gain varies sinusoidally between
the values 0.1 and 1.9 with the period 400. In Fig. 11.8 we show a simulation of
the system when the command signal is a square wave with period 50, there is
measurement noise with the standard deviation 0.02, and the forgetting factor
is A = 0.95. Notice that the gain variation is clearly noticeable in the shape of
the control sigral, which changes significantly over one step. Figure 11.8 shows
that the estimated gain lags the true gain. The forgetting factor is A = 0.95,
and the sampling period is # = 0.5. The time constant associated with the
exponential forgetting is then Ty = 10 s, which is a crude estimate of the
time lag in the estimator. Notice also that the lag is different for increasing
and decreasing gains, a feature that indicates the nonlinear nature of the
problem. The forgetting factor can be decrcased to reduce the tracking lag.
The estimates will then have maore variation. To illustrate this, we simulate
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Figure 11.9 Parameter tracking error h = b — b for different forgetting
factors: () L = 0.1; (b) 2 = 0.7; {c} A = 0.95.

the same system as in Fig. 11.8 with different forgetting factors. The results
are shown in Fig, 11.9. The figure shows that the forgetting factor 1 = 0.95
is too large because the systematic tracking error is too large. The forgetting
factor A = 0.1, un the other hand, is too small, and the systematic error is
small, but the random component is large. In this particular case the value
A = 0.7 is a reasonahle compromise. The reason for the low value of 4 i= that
the parameter variations are quite rapid. O

Covariance Resetting

In some situations the parameters are constant over long periods of time and
change abruptly occasionally. Exponential forgetting, which is based on the
assumption of a behavior that is homogeneous in time, is less suitable in
this case. In such a situation it is more appropriate to reset the covariance
matrix of the estimator to a large matrix when the changes occur. This is
called covariance resetting. We illustrate this method by an example.

EXAMPLE 116 Covariance resetting

Congider the same system as in Example 11.5, but assume now that the
parameter is piecewise constant. In Fig. 11.10 we show the results obtained
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Figure 11.10 Tracking piecewise constant paramcters using exponential
forgetting when A = 0.95.

with exponential forgetting with 4 = 0.95. The figure shows clearly that the
estimate of the process gain responds quile slowly when the gain changes.
Notice also the sirong asymmetry in the response of the estimate when the
gain changes. It takes much longer for the estimate of the gain to increage
than to decrease. The reason for this is the large difference in excitation. Also
notice the stepwise nature of the estimates. Good excitation is obtained only
when the command signal changes. In Fig. 11.11 we show the same system as
in Fig. 11.10 with 4 = 1 and covariance resetting. The covariance matrix is
reset by reducing 4 to 0.0001 when the parameter changes. Notice the drastic
difference in the tracking rate. 0O

The example clearly illustrates the advantage of using covariance resetting
when the parameters change abruptly. To use this effectively, it is necessary
to detect the changes in the parameters. There are many ways to do this
by analyzing residuals or parameter changes. It is also possible to reset the
covariance periodically.

Parallel Estimators and Other Schemes

There are many other ways to deal with parameter tracking. One possibility
is to have several parallel estimators with different forgetting facters and to
cheose the one in which the estimates have the smallest residuals. It is also
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Figure 11.11 Tracking piecewisc constant parameters using covanance re-
settimg.

possible to have several parallel estimators that are reset periodically in a
staggered way. There are also other schemes in which the forgetting factor is
made signal dependent.

Estimator Windup

Exponential forgetting works well only if the process is properly excited all the
time. There are problems with exponential forgetting when the excitation is
poor. To understand this, we first consider the extreme case in which there is
no excitation at all, that is, ¢ = 0. The equations for the estimate then become

ot +1) = 8(¢)
P(t+1) = %P{t)

The equation for the estimate 8 is thus unstable with all eigenvalues equal
to 1, and the equation for the P-matrix is unstable with all eigenvalues equal
to 1/4. In this case the estimate will thus remain constant, and the P-matrix
will grow exponentially if A < 1. Since the estimator gain is Py, the gain
of the estimator will also grow exponentially. This means that the estimates
may change very drastically whenever @ becomes different from zero. The
phenomenon is called estimator windup in analogy with integrator windup.
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A similar situation occurs if the regression vector is different from zero but
restricted to a subspace. We illustrate this by an example.

EXAMPLE 11.7 A constant regression vector causes windup
Consider a process with the transfer function

I
Gis) = ——
() g+
with an indirect adaptive controller based on estimation of parameters g and
b in the discrete-iime model

y(kh + B) + ay(Bh) = bu(kh)

The control design is the same as in Example 11.5. The controller has integral
action. The parameters have the values @ = 1 and f = 1, the sampling period
is h = 0.5 s, there is measurement noise with a standard deviation of 0.05,
the setpoint is piecewise constant, and the forgetting factor is A = 0.95. To
illustrate the effect of poor excitation, the setpoint will be kept constant for
long periods of time.

The parameters are in R?. To have excitation, the regression vectors should
also span R? persistently. When the setpoint is constant, the input and the

(a) o (b)
1 40
0 Y P11
20
K L/L(\
T T T 0 1 T 1
0 50 103G 150 1] 50 100 150
Time Time
c) | {d)
| ki
. \
1]
0
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T Ll T T T T
0 50 100 V50 0 50 1060 130
Time Time

Figure 11.12 Ylustration of estimator windup due to poor excitation. (a}
Output ¥ and setpoint ., (b) covariance pyy; (¢} control signal «; and (d)
estimator gain k.
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Figure 11.13 Parameter cetimates in the case of estimator windup due to

poor excitation. The dashed lines show the correct values of the parameters
and of the gain of the procesa,

output settle to constant values after a transient. The regressiou vector then

becomes
o(t) = [-ur au. /b )

This vector lies in a one-dimensional subspace of R* and is thus not persistently
exciting. The simulation shown in Fig. 11.12 illustrates the behavior of the
system. The process output tracks the command signal gquite well, and the
control signal is alse quite reasonable. Figure 11.12 shows that the element
pu of the P-matrix grows approximately exponentially during the periods when
the command signal is constant. The deviations are due to the measurement
noise that gives some excitation. The other elements of the P-matrix behave
similarly. The estimator gains alse grow significantly. Exponential growth of
the P-matrix and the associated increase in the estimator gains arc clearly
noticeable in Fig, 11.12, The parameter estimates will change significantly, as
shown in Fig. 11,13, The estimates are very inaccurate at the end of the periods
when the command signal has been constant. In Fig. 11.13 we also show the
estimate of process gain calculated from
- b

k=1rs
This estimate is very good for the whole period because this variable is well
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excited. This is why the controller behaves reasonably well in spite of the poor
estimates of ¢ and 5. a

To get further insight into the windup phenomenon, we make a simplified
analysis of the behavior shown in Example 11.7. For this purpose we assume
that the regression vector is constant, that is, ¢{#) = ¢¢. The inverse of the
P-matrix is given by

¢
) ) i . I T
P e+ 1) = 2P5" + )" A Rpoed = AP+ T Popy

=1

Using the matrix inversion lemma {Lemma 2.1), we find after some calcula-
tions that the covariance matrix can be written as

') T
Pit+1) = % (Pc- _ __Iip"&)

' Ala (i) + 0 Popo
where ‘2
oefd) = T
Furthermore, we find that
Pogo

Pt + Ny = alt)

____Tof - (11.20)
Ata(ty + oI Pygpg

The P-matrix can be decomposed as

P{t+1) = P@t) + B(O) oo
where . P p
Py == {p, - apaps Po )_ , -
{t) ar ( L Alo(t) + @E,"chon Bt)wow,
and rp
. ©o FoPo
t) = alf v
A) = ol o 2 a ) + 9§ Povo)

The matrix P(t) is of rank n — 1 with P(#)po = 0. Since |[1: < 1 we have as
t— o

alt) =1-A4
1-2
b(t) - —
(9§ @o)?
In the decomposition of P(¢ + 1) we thus find that the matrix P goes to infinity
as A°% and that 8(£)@ee@] gaes to a constant (1~ A)pood /(o] @)°.
Intuitively, the result of the caleulation can be interpreted as follows: When
the regression vector is constant, we obtain information only about the compo-
nent of the parameter that iz parallel to the regressien veetor. Thie component
can be estimated reliably with exponential forgetting. The “projection” of the
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FP-matrix in this direction converges to 1 - 4, and the “orthogonal” part of the
P-matrix goes to infinity as 4~°, Estimator windup is thus obtained by expo-
nential forgetting combined with poor excitation. There are several ways to
avoid estimator windup. We now discuss some of these technigues.

Conditional Updating

One possibility to avoid windup in the estimator is to update the estimate
and the covariance only when there is excitation. The algorithms obtained are
called algorithms with conditional updating or dead zones. A correct detection
of excitation should be based on calculation of covariances or spectra as dis-
cussed in Section 2.4. Simpler conditions are often used in practice. Common
tests are based on the magnitudes of the variations in process inputs and out-
puts or other signals such as £ and ¢7 Pg. Notice that the quantity ¢ Pg is
dimension free.
If the regression vector is constant, it follows from Eq. (11.20) that

403‘100@0

'p( =a(t) -————
#o P00 =2l Fratt) + o7 Pore

As | — oo, it follows that a(f) = 1 — 1. If 97 P is used as a test quantity, it
is thus natural te normalize it by 1 — 4. The effect of conditional updating is
illustrated by an sxample.

EXAMPLE 118  Conditional updating

Consider the system in Example 11.7, but modify the estimator te provide
conditional updating. In this particular case the estimate is updated if the test
quantity

ety Pe(t) > 2(1- 4)

Figure 11.14 shows a simulation that is comparable to Fig. 11.12. Notice that
the exponential growth is now avoided. The elements of the P-matrix remain
bounded, and the estimator gains are well behaved. O

The selection of the condition for updating is critical. If the criterion is too
stringent. the estimates will be poor because updating is done 100 infrequently.
If the criterion is too liberal, we get covariance windup.

Constant-Trace Algorithms

Another way to keep the P-matrix bounded is to scale the matrix at each
iteration. A popular scheme is to scale it in such a way that the trace of the
matrix is constant. An additional refinement is to also add a small unit matrix.
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Figure 11.14 lllustration of how estimator windup can be avoided with
conditional updating. Compare with Fig. 11.12.

This gives the so-called regularized constant-trace clgorithm:

8(e) = it - 1)+ K () (3(1) - 9716 - 1))

K(t) = P(t - Do) (4 + o(t) Plt - Do) '

w175 P(t - Do(t)e® ()Pt - 1) (11.21)
””‘I(P“””‘ 1+MWT&~nw@”)

{t)
Pit)=¢ = + cof
T
where ¢; > 0 and ¢z > 0. Typical values for the parameters can be

c1/ce 2 107
¢lp 11

The constant-trace algorithm may also be combined with conditional updating.

Directional Forgetting

Another way to forget old data is based on the fact that one observation gives
a projection of the parameter on the regression vector. Exponentiat forgetting



115 Estimator implementation 479

can then be done only in the “direction” of the regression vector. This approach
is called directional forgetting. To derive the equations, we observe that the
inverse of the P-matrix with exponential forgetting is given by

P+ 1) = APTHO) + p(t)oT (2)
In directional forgetting we start with the formula
Pt +1) = P @)+ pltie” (1)
The matrix P~1{t) is decomposed ag
Pty = PO + yi)pttye” () (11.22)
where P-1{t)@(£) = 0. This gives
e (P 1) o(t)
(T (D ()

Exponential forgetting is then applied only to the second term of Eq. (11.22),
which corresponds to the direction where new information is obtained. This
gives

rity =

Plie+1)=P7() + Ay(t)e ()" (1) + p(t)o” (t)
which can be written as

TP i)e(r)
Ple+1)y=P )+ (1+(,1—1 fi,)(ptmjﬂ(t)
)= er@ey )P
There are several variations of the algorithms. The forgetting factor is some-
times made a function of the data. One method has the property that the
P-matrix is driven toward a matrix proportional to the identity matrix when
there is poor excitation.

Leakage

Another way to avoid estimator windup, called leakage, was discussed in Sec-
tien 6.9. In continuous time the estimator was modified as shown in Eq. (6.84)
by adding the term a{6° —}. This means that the parameters will converge to
0% when no useful information is obtained, that is, when e = 0. A similar mod-
ification can alse be made in discrete-time estimators. When a least-squares
type of algorithm is used, it is also common to add a similar term to the P
equation to drive it toward a specified matrix.

Robust Estimation

The least-squares estimate is optimal if the disturbances are Gaussian and
such that the equation error is white noise. In practice the least-squares
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estimate has some drawbacks because the assumptions are violated. It is a
direct consequence of the least-squares formulation that a single large error
will have a drastic influence on the result because the errors are squared in
the criterion, This is a consequence of the Gaussian assumption thatl implies
that the probability of large errors is very small. Estimators with very different
properties are obtained if it is assumed that the probability for large errors is
not negligible. Without going into technicalities, we remark that the estimators
will be replaced by equations such as

8ty = 81t — 1y + P()p(t — 1)f (2()
do
= = Pofe)

where the function f(£) is linear for small £ but increases more slowly than
linear for large £. A typical example is

i) =

£
1+ ale}

The net effect is to decrease the consequences of large errors. The estimators
are then called robust.

11.6 SQUARE ROOT ALGORITHMS

It is well known in numerical analysis that considerable accuracy may be lost
when a least-squares problem is solved by forming and solving the normal
cquations. The reazon is that the measured values are squared unnecessarily.
The following procedure for solving the least-squares problem is much better
conditioned numerically. Start with Eq. (2.4):

E=Y ¢

An orthogonal transformation @, that is, @7Q = QQT = I, does not change
the Euclidean norm of the error

L =QF = QY - g8
Choose the transformation @ so that @& is upper triangular. The above equa-

iion then becomes . .
é]' ¥ 1 i L
=121 4
ét ¥ 0

where @1 is upper triangular. It then follows that the least-squares estimate
is given by .

D16 =
and the error is (¢%)7é2. This way of computing the estimate is much more
accurate than solving the normal equation, particularly if ||£]] « ||Y]. The
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method based on orthogonal transformation is called a square root method
because it works with @ or the square root of @7 ®. There are several numerical
methods that can be used to find an orthogonal transformation @, for example,
Householder transformations or the QR method. We will not discuss these
methods further, because we are primarily interested in recursive methods.

Representation of Conditional Mean Values

Recursive square root methods can naturally be explained by using probabilis-
tic arguments. Some preliminary results on conditional mean values for Gaus-
gian random variables will first be developed. We can now show the following
result.

THEOREM 111 Conditional mean values and covariances

Let the vectors x and v be jointly Gaussian random variables with mean values

E [’] - [m’] (11.23)
X m

R, R,
cov [y] = [ * ¥ ] =R {11.24)
x R., R;

where R., = R;;. Further assume that dimx = n and dimy = p. The
conditional mean value of x, given y, is Gaussian with mean

and covariance

E (x|y) = m. + Ry RNy - m)) (11.25)
and covariance
cov (x|y) = Ry, = R: - RyBJ'R,, (11.26)
A nonnegative matrix R can be decomposed as
R=p[[ 0][}3y 0][1 0]?‘ (11.27)
K L, 0 D, K L,
where D, and D, are diagonal matrices and L, is lower triangular. Then
R.R)'=K {11.28)
and
R, = pL.D.LT (11.29)

Proof- We first show that the vector z defined by
z=x-m;— RoyR)M(y —my) (11.30}
haz zero mean, is independent of y, and has the covariance

R, =R.-R.R;'R, (11.31)
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The mean value is zero. Furthermore,
Ez(y —m,)' = E {{x —m )y -m;)" ~ Ro,RHy my)(y-m,)"}
=Ry — R R'R, =0

The variables z and y arc thus uncorrelated. Since they are Gaussian, they
arc also independent. It now follows that

) (om0
x-my}  \R,R;Y I z
The joint density funection of x and ¥ is
fle,y) = (@r)" " (det Ry
1 _ T
exp {75 (:;'TRz Te + {y - m_\,}rRyl{y - m‘_v))}
The density function of ¥ is

1

) = @rr e Ry exp{ Ly - m TR My =) |

where p is the dimension of y. The conditional density is then

i) = L& e,y e Ry Fexp L LR

fly)
where n is the dimension of x. But
R R K, R
Y L D L ]
© dEt[Rx,. R, ] ¢ [0 R.— RyR,'R,.

= detR, - det (R, — R«yR,'Ryy) = det R, - det R,

Hence o
flxly) = (27) "*(det R,) Ve B R

where z is given by Eq. (11.30) and B, by Eq. (11.31}.
The first part of the theorem is thus proved. To show the second part, notice
that Eq. (11.27) is

roo (P D,KT ]
P\ kp, L.D.LT+KDK"
Identification of the different terms gives
R, = pD,
R, = pKD,
R. = p(LDiL? + KD,K")
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Hence
nyR b K

¥
and
R.y = By - RoR;'R,, = pLD,LT

Remark. 1t follows from the theorem that the calculation of the conditional
medn of a Gaussian random variable is equivalent to transforming the joint
covariance matrix of the variables to the form of Eq. (11.27). Notice that this
form may be viewed as a square root representation of K. m|

Application to Recursive Estimation
The basic step in recursive estimation can be deseribed as follows: Let 8 he
Gaussian N(8°, P). Assume that a linear observation

y=0p"8+e

is made, where e is normal N{0,?}. The new estimate is then given as the
conditional mean E (&|y). The joint cavariance matrix of v and & is

[ pTPp TP ] [ o 0 ]
R = +
Po P 0 0

The symmetric nonnegative matrix P has a decomposition P = LDLT where
L is a lower triangular matrix with unit diagonal and D is a nonnegative
diagonal matrix, The matrix R can then be written as

P [goTLDLT(o+0’2 (pTLDLT]
- LLDLTe LDLT
1 TL 2 0 i 0
_ [ ¢ ] [" ] [ T] (11.32)
o L 0O D LTy L
If this matrix can be transformed to
1 0 F> 0 1 KT
R = - N . 11.33
[« 2) (5 2) (o &) (1133

Theorem 11.1 can be used to obtain the recursive estimate as
6=60"+K(y-9T8)
with covariance
P = LDLT

The algorithm can thus be described as follows.
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ALGORITHM 111 Square root RLS

Step 1: Start with L and D) as a representation of P,

Step 2: Form the matrix of Eq. (11.32), where ¢ is the regression vector.
Step 3: Reduce this to the lower triangular form of Eq. (11.33).

Step 4: The updating gain is K, and the new P is represented by Land . O

[t now remains to find the appropriate transformation matrices. A conve-
nient method is dyadic decomposition.

Dyadic Decomposition

Given vectors

T
az(l a3 ... a,,}
T
b:[bl b, ... bn)
and scalars o and §3, find new vectors
T
i-(1 & .. &
. . S NT
b={0 & .. be |
such that .
aaal + gobT = @aa’ + fo6T (11.34)

If this problem can be solved, we can perform the composition of Eq. (11.33)
by repeated application of the method.
Eguation {11.34) can be writien as

1 b
o “ [1 az . aﬂ] +B b2 [b] bs bn]
a, by
: 0
_a|® [1 s &) + B o (0 & ba
an b,
{11.35)

Equating the (1,1) elements gives

o+ =6 (11.36)
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Equating the (1,k} elements for & > 1 gives

oy, Jrﬁblbk = @ay (11.37)
Adding and subtracting Féia; give

{or + BBY)ay + Bbiby — fblay = @,

Hence 5
&j; = Qp + ﬂd’ ! (bk - b,ak] (1138)
The numbers & and a, can thus be determined. It now remains o compute [3

and b,. Equating the (£,1) elements of Eq. (11.35) for &, 1 > 1 gives

txapa; + ﬁbhb; = Ef&h&g + ﬁg);j)[
_ (ran v bibilioar + fbib) | g g
74
where Eq. (11.37) has been used to eliminate 4,&;. Inserting the expression in
Eq. (11.36) for & gives, after some calculations,

) af . -
(by - b10,) (b — Bra;) = Efj byby

PROCEDURE
DyadicReduction{VAR a,b:cel; VAR alpha,beta:REAL;
i0,11,12 :CARDINAL);

CONST
mzero = 1.0E-10;

VAR
i . CARDINAL;
wl,w2,bl,gam : REAL;

BEGIN
iF beta<mzero THEN beta:=0.0; END;
bi := blil};
wl := alpha;

w2 := betaxbl;
alpha := alpha + w2*bl;
IF alpha » mzero THEN
beta 1= wlxbeta/alpha;
gam := w2/alpha;
FOR 1:=1i1 TO i2 DO
b1l := B[i] - bixalil;
ali] := ali] + gam*b[i];
END;
ERD;
END DyadicReductien;

Figure 11.16 Dyadie decomposilion.
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These equations have several solutions. A simple one is

bk = b,@ —blak
- afﬁ
F=%

A solution to the dyadic decomposition problem of Eq. (11.34) is given by the
equations

&=+ 86t

-

A= a

., _ Bb

' &

f;k :bk—blak k:2,...,n
ﬁ'.k =ak+’}’5;¢ k=2,...,n

The algorithm in Fig. 11.15 is an implementation of the dyadic decomposition.

PROCEDURE
LDFilter(VAR theta,d:col; VAR l:matr; phi:col;
lambda:REAL; n:CARDINAL);

VAR
i,j : CARDINAL;
e,w : REAL;
BEGIN
d[0] := lambda;
e := phif0]:

FOR i:=1 TO o DO
e:=e—thetalil*phili];
wi=phil[i];
FOR j:=i+1 TO n DO w:=w+philj}+1[i,j]); END;
1(0,1]:=0.0;
1[1,0) :=u;
END;
FOR i:=n TO 1 BY -1 DO (* Notice backward locp *)
DyadicReduction(1[0],1(i]).d[0],d[1],0,i,n);
END;

FOR i:=1 TO n DO
thetali] :=theta[il+1[0,i]*e;
d[i}:=d[i]l /lambda;
END;
END LDFilter;

Figure 11,16 LD decomposition.
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In this code, the type

col = ARRAY[O..maxindex] UF REAL;

has been introduced. By using the procedure DyadicReduction it is now
_ straightforward to write a procedure that implements Algorithm 11.1. Such a
procedure is given in Fig. 11.16. The algorithm performs one step of a recarsive
least-squares cstimation, Starting from the current estimate @, the covariance
represented by its LD decomposition, and the regression vecter, the procedure
generates updated values of the estimate and its covariance. The data type

matr = ARRAY[0. maxindex] OF col;

is used in the program. The stariing values can be chosen to be I. = 1 and
d = [fo.Bo. ..., Bq). This gives LD = Bpl.

11.7 INTERACTION OF ESTIMATION AND CONTROL

Parameter estimalion and control design were treated as two separate subjects
in the previous sections of this chapter. In an adaptive controller there are, of
course, strong interactions between estimation and control. Some conseguences
of this interaction are discussed in this section.

Computational Delay

The updating of the estimaled parameters and the design are done at each
sampling instant. The timing of computations of the controller was discussed
in Section 11.2. We pointed out that it is important to have as short a compu-
tational delay as possible. The dual time scale of the adaptive control problem
implies that the process parameters are assumed to vary slowly. This neans
that the parameter estimates from the previous sampling instant can be used
for caleulating the control signal. There will thus be no extra time delay due to
the adaptation, provided that the parameter update and the controller design
are done after the control signal is sent out to the process.

Integral Action

Practically all controllers need integral action to ensure that calibration errors
and load disturbances da not give steady-state errors. In Section 3.6 we showed
how the design procedure could easily be modified to give controllers with
integral action. In that section it was also shown that a particular adaptive
controllers automatically gave zero steady-state error. This situation occurs
quite Trequently. It is alsc easy to check whether a particular self-tuner has
this ability by investigating possible stationary solutions. A typical example is
the following.
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EXAMPLE 119  Obtaining integral action automatically

Congsider the simple direct moving-average self-tuning controller described in
Chapter 4, which is based on least-squares estimation and minimum-variance
control. The estimation is based on the model

ylt+d) = R (g7 () + 8" (¢ )yit)
and the regulator is
Sx
uft) = = (1)

The conditions for a stationary solution are that

N
1
P-*'(r)z,\l,i_f}\ N Zy(k+r]y{k)=(} t=d,....d+1
T k-

N
Fllr) = dm % Zy(k +the(k) = U T

N
k=1

d,....d+ %

where & and [ are the degrees of the R* and §* polynomials, respectively. These
conditions are not satisfied uniless the mean value of ¥ is zero. When there is
an offset, the parameter estimates will get values such that R*(1) = 0, that
is, there is an integrator in the controller. However, the convergence to the
integrator may be slow. 0

A second way to explicitly eliminate steady-state errors is to base an
sdaptive controller on estimation of parameters in the model

Alg)y{t) = Blgul(t)+u

where v is a constant that is estimated. The control design should also be
modified by introducing a feedforward from the estimated disturbance. This
approach has the drawback that an extra parameter has to be estimated.
Furthermore, it is necessary to have different forgetting factors on the bias
estimate and the other estimates; otherwise, the convergence to a new level
will be very slow. Finally, il the bias is estimated in this way, it is not possible
to use the self-tuner as a tuner, since there will be no reset when the estimation
is switched off. This is a simple example that shows the drawbacks of mixing
the functions of the feedback loop and the adaptation lovp. A much better way
is to design a controller with integral action, for example, by using the methods
discussed in Secetion 3.8. A data filter of band-pass character should also be
used so that the disturbance v does not influenee estimation too much, We will
alsa show how a similar approach can be used for a direct self-tuner.

Compatible Criteria for Identification and Control

So far, we have treated identification and control as two different tasks. The
criterion for the identification (least squares) was chosen largely on an ad
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hoe basis. It is elearly desirable to try to find a criterion fur identification
that matches the final use of the model. This is in general a very complicated
problem. We therefore discuss a simplified case. Consider a process described
by the model
Alg)yit) = B(@u() (11.39)

where u is the control signal and y is the measured variable. Let the controiler
be

Riglu(t} = T(q)uclt) - S{q)y{t) (11.40)
where u, is the setpeint and R{g), S{g), and T'(g) are polynomials. The poly-
nomials R(q) and S(q) satisfy the Diophantine equation

Alg)R{g) + B(@)S{g) = Anig)A.(g) (11.41)

where the desired closed-loop polynomial is A.{q)An(g). This equation has
many solutions, It is customary to choose the simplest one that gives a causal
controller, but it is also possible to introduce an auxiliary condition. Integral
action is ohtained by finding a solulion such that R(1) = 0. High-frequency
roll-off is obtained by requiring that §{-1} = 0.

The polynomial T(q} is given by

T{q) = toA.(g) (11.42)

where £5 = A,{1Y/B(1). If B{1} = 0, it also follows that T(1) = S(L).
Combining Egs. (11.39) and (11.40), we get

36 = to Dy 1)
Anig) {11.43)
ult) = to A(ﬂ u.{t) l
Anly)

Polynomials A,{g) and A,.(g) are typically chosen to give good rejection of
disturbances and insensitivity te medeling errors and measurement noise.

It is desirable to formulate the adaptive control problem in such a way
that the goals for control and identification are compatibie. If this is done, it
means that a model is fitted in such a way that it matches the ultimate use of
of the model.

Consider the sitnation in which the goal is to conirol a piant with transfer
funetion Py. A controller is designed by using pole placement based on the
approximate model whose transfer function is P = B/A. To compute the
control law, the parameters of the polynomials A and B are estimated by using
least squares, and the controller is then determined by the pole placement
method. Let o and yy denote the inputs and outputs that are obtained in
controlling the actual plant, and let  and y denote the corresponding signals
when the controller controls the design model. The control performance error
can then be defined as

€p =¥~ ¥
We have the following result.
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THEOREM 1.2 Cempatibility of identification and control

The control performance error e, is identical to the least-squares estimation

error if identification is performed in closed loop and if the transfer function

of the data filter is chosen to be

R
A A

Proof: The proof is a straightforward calculation. The output of the true

system is given by

Hy (11.44)

P,T
— _HD L. 11.4
YOS R P (11.45)
and the control signal is
(1\
= — 114
“TRYPS Y (11.46)

The corresponding signals for the nominal plant are obtained simply by omit-
ting the index 0 on vy, ug, and Py. The controel performance error then becomes

o = (J’ﬁ__ _fi._)u ___BTP-P)
“TAR+P8 R+PS/T T (R+ PSR +PS)
_R(Py-P)  AR{Py-P)
- S L P A {11.47)

where the first equality follows from Eqs. (11.43), (11.45), and (11.46). The
second equality is obtained by a simple algebraic manipulation. The third
follows from ¥q. (11.46), and the last equality follows from Eq. {11.41). The
leasl-squares estimation error ig given by

e = Hf(‘iyg — BL&U)
It follows from Yq. (11.47) that e and e, are identical if estimation is based
on closed-loop data and if the data filter is chosen to be Eq. (11.44). 0
Remark 1. Notice that the denominator of the filter (11.44) is given by A, Ax,
which are given by the specifications.

Remark 2. Notice that for a controller with integral action the filter (11.44)
is a bandpass filter.

Remark 3. Natice that only the numerator of the filter has to be adapted. D

This result pives a rational way of choosing the data filter for a servo
problem.

11.8 PROTOTYPE ALGORITHMS

Tn this section we present some prototype algorithms for adaptive control.
Guidelines for the coding of the algorithms are given. The algorithms can easily
be expanded to a variety of controllers.
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Algorithm Skeleton

Al} adaptive algorithms discussed in this chapter have the following form:
Analog,Digital_convers ion
Compute_control_signal
Digital Analog conversion
If estimate then
begin{estinate}
Covariance_update
Parameter_update
If tune then
begin{tune}
th_desipgn:=th_estimated
10 Design_calculations
11 end{tune}
12 end{estimate}
13 Organize_data
14 Compute_as_much_az_possible_of _control_signal

[fol s N T & R R SV

Row 1 implements the conversion of the measured outpul signal, the ref-
erence signal, and possible feedforward signal. All the converted signals are
supposed to be filtered through appropriate anti-aliasing filters, as discussed
in Section 11.2. Row 3 sets the control signal to the process. Rows 14 and 2 con-
tain the caleulations of the control signal, which are independent of whether
the parameters are estimated or not. Notice the division of the calculations
of the control signal to aveid overly long computation times. All calculations
that are possible to do in advance are done in Row 14. OQnly caleulations that
contain the last measurements are done in Row 2.

Rows 4-13 contain calculations that are specific for an adaptive algorithm.
There are two logical varigbles, estimate and tune, which control whether
the parameters are going to be estimated and whether the controller is going
to be redesigned, respectively, The estimation is done in Rows 57, and the
design calculations are done in Row 10. Row 13 organizes the data such that
the algorithm is always ready to start estimation when the operator wishes.

The various adaptive algorithms discussed in this section differ only in the
design calculations. The estimator part can be the same for all algorithms. One
important part of the algorithms that wil) not be discussed here is the operator
interface. This is usually a significant part of an adaptive contrel system, but
it is very hardware-dependent, so it is difficult to discuss in general terms. We
now discuss the calculations in Rows 4-13 in more detail.

Parameter update

We assume that the estimated model has the form

¥ty = 9T {18
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where the components in the regression vector ¢ are lagged and filtered inputs
and outputs. The ordering, the number of lags, and so on depend on the specific
model; these details are easily sorted out for the chosen model siructure.
Rows G and 13 of the algorithm contain the bookkecping of the ¢ vector
(i.e., the usua! shift of some parts of the vector and supplement of the latest
measurements and outputs). This part of the algorithm should also include
the data filtering discussed in Sections 11.2, 11.3, and 11.7. For simplicity
it is assumed that the estimation and the covariance update are done by
using ordinary recursive least squares (Egs. 11.19). The calculations can be
organized as in the lisiing below, where eps is the residual, th_estimated is
the parameter vector, P is the covariance matrix, phi is the data vector, and
lambda is the forgetting factor

"Compute residual

eps = y - phi'#th_estimated

"Update estimate

w = Pxphi

den = lambda + phi’*w

gain = w/den

th_estimated = th_estimated + gain#eps

"Update covariance

P = (P - wxw’/den)/larbda
The prime is the transpose, and + i matrix multiplication. This skeleton can
easily be transferred to any preferred programming language.

Organize_data

This part of the code filters the process input and output by H;, and it updates
the regression vector ¢(¢) and the other states of the system. If p(£) is updated
at each samypling period, it is possible to update the cstimates irregularly.

Design_calculations

When a direct algorithm such as Algorithm 3.3 is used, the controller param-
eters are the same as the estimated parameters, and there are no calculations
that have to be done in the design block. In the indirect methods a polyno-
mial equation has to be solved. The solution of the Diophantine equation is
discussed in Section 11.4. Some care must be taken because of difficulties with
possible common factors in the estimated model polynemials.

Compute_conirol signal

The computation of the control signal to minimize the computational delay was
discussed in Section 11.2, along with the anti-reset windup.
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Summary

The program skeleton in this section can now be supplemented with details
o become a complete adaptive control algorithm. These delails will depend

on what algorithm is chosen to be implemented and on which programming
language is chosen.

11.9 OPERATIONAL ISSUES

Simple controllers typically have two oeperating modes, manual and automatic,
It is also possible to change the paramceters during operation. It is a nontrivial
task to deal with the operation of a conventional controller. The current practice
has developed over a long period of time. Adaptive controllers can operate
in many more ways. It is a difficult problem to find a good solution to the
operational problems. The problem will also vary widely with the application
area. In this section we discuss a controller for industrial process eontrel, which
is designed to operate in many widely different environments.

Operating Modes

An adaptive controller has at least three operating modes: manual, constant-
parameter control, and adaptation. The controllers that are used in constant-
parametcer modc may be of several types: PID, relay, or a general linear con-
troller. In this mode the controller parameters must also be loaded and stored.
Parameter estimation may also be initiated in the constant-parameter mode.
Esiimation can also be enhanced by intreducing extra perturbations. The na-
ture of these perturbations must also be specified.

Initialization

There are several ways to initialize a self-tuning algorithm, depending on the
available a priori information about the process. In one case, nothing is known
about the process. The initial values of the parameters in the estimator can
then be chosen to be zero or such thal the initial controller is a proportional
or integral controller with low gain. Auto-tuning, discussed in Chapter 8, is
a convenient way to initialize the algorithm, because it generates a suitable
input signal and safe initial values of the parameters. This also gives a rational
way of choosing the sampling interval.

The inputs and outputs of the process should be scaled so that they are
of the same magnitude. This will improve the numerical conditions in the
estimation and the control paris of the algorithm. The initial value of the
covariance matrix can be 1-100 times a unit matrix if the elements in the ¢
vector are scaled to approximately unity. These values arc usually not crucial,
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since the estimator will get reasonable values in a very short period of time.
Our experience is that 10-50 samples are suflicicnt to get a very good controller
when the system is excited. During the initial phase it can be advantageous
Lo add a perturbation signal to speed up the convergence of the estimator.

The situation is different if the process has been controlled before with a
conventional or an adaptive controller. The initial values should Lhen be such
that they correspond to the controller used before. Furthermore, the P-matrix
should be sufficiently small.

Sometimes it is important to have disturbances be as small as possible, ow-
ing o the startup of the self-tuning algorithm. There arc then two precautions
that can be taken. First, the sstimator can be used for some sampling peri-
ods before the self-tuning algerithm is allowed to put out any control actions.
During that time a safe, simple controller should be used. It is also possible
and desirable 1o limit the control signal, The allowable magnitude can be very
small during the first period of time and can then be increased when better
parameter estimates are obtained. The drawback of having small input signals
is that the excitation of the process will be poor, and it will take longer to get
good parameter estimates.

Supervision

An adaptive controller should also contain facilities for supervision. Basic
statistics such as the mean, standard deviation, and maximum and minimum
values should be computed for the process input and eutput. These values
should be averaged over the basic period of the locp. Since excitation is so jm-
portant, it should be monitored. The estimation error also gives usgeful informa-
tion about the behavior of the loop. Common factars in the process model should
be detected. This will indicate that the model structure should be changed. For
special algorithms it is also possible to determine whether the controller be-
haves as expected. For example, for minimum variance or moving average
controllers this can he determined by meonitoring the covariance of the process
output.

1110 CONCLUSIONS

Practical aspecis on implementation of adaptive controllers have been dis-
cussed in this chapter, There are many things to consider, since adaptive con
trollers are quite complicated devices. The following are some of the important
iszues:

« Analog anti-aliasing filters must be used. They are typically second- or

fourth-order filters that effectively eliminate sigmal components with fre-
quencies above the Nyquist frequency 7/k, where h is the sampling period.
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Process parameters PROBLEMS
L 11.1 How should the disturbance annihilation filter Hy(g) be chosen if v{f)
Fstima n BEq. (11.17) is a sinusoidal?
Dosi : - fm— o f—— i
G Hy tion Hy 11.2 Consider the data filter
Contreller (1-a}l-g)
: ary H S o Sl £
parametlers f[q ) p
i, ) Discuss how the choice of the parameter ¢ influences elimination of
- Controller === D-A Gpris) ] Process Crals) o1 A-1} constant disturbances.
[
L ¥ ] -
' 11.3 Plot the Bode diagram for a fourth-order Bessel filter, and compare it
\ with a pure time delay. Consider the cases in Table 11.2.
Fi 1117 Block di ¢ daoti irol syate o1 added 11.4 Determine how the behavior of the anti-reset windup controller of Eqgs.
Lgure . 0 lagram ol an adaplive Conirod System wi acde 1. P ﬁ o b th ﬁlt A
filters. {i,, is the anti-aliasing filter, 7, is the postsampling filter, and i, is (11.1) 1s influenced by the filter 4,
the data filter for the estimation. 11.5 Complete the algorithm skeleton for the cases of
(a) a direct self-tuner {Algorithm 3.3).
The dynamics of the fitters should be taken into account in the control de- {b) an indirect self-tuner without zero cancellation (Algorithm 3.2).
Sigr. 11.6 Perform a transformation of a second- and fourth-order Bessel filter,
« Inputs and outputs should be filtered by a bandpass filter with H; before wg = 1, into band-pass filters, using the transformation
these signals are sent to the parameter estimator. These filters wili remove 2
low-frequency disturbances such as levels and ramps. High frequency g - SRS
disturbances are alse removed by H, The lower limit of the passband s{op —~ wy)
should be at least one decade below the desired crossover frequency. Known where @; and @, are the lower and upper cutoff frequencies, respec-
ginusoidals can also be removed by using notch filters, tively. Use @; = 100 and @, = 1000 rad/s. Compare the band-pass
= The postsampling filter 7,7 is used to avoid excitation of high-frequency characteristics by using Bode diagramas.
resonance modes in the process. 117 Use Euclid’s algorithm to compute the greatest common divisor of
+ Low-order models are typically used. They are estimated with algorithms
having time variable exponential forgetting, regularized constant trace, A=q% - 2¢" + 1459 - 035
or directional forgetiing. The estimator should alse contain a dead zone. B =o®-110 + 0.3
) ; JHHaLar sTOR 25 g* -11q +0.
Finally, the estimalor may contain a “switeh,” which detects whether the
system is sufficiently excited. The “switch” can measure the power in Also determine the polynomials X and Y in Eq. (11.8).
different frequency bands and thus control whether the estimator should 11.8 Consider the Diophantine equation

be active or not. Square root algorithms are preferable, particularly if there
1s a high signal to noise ratio.

The design method for the controller should be robust against unmodeled
dynamies. Level and ramp disturbances are eliminated by introducing
integrators in the countroller. The control signa) should be limited, and
the controller should include anti-reset windup.

AR+ BS = A,
and let
Alg) = (g-1)l(g - 0.9)

Use the methed in Section 11.4, and compute the resulting controller
when (a) B(q) = ¢ — 06; (b) B{g) = g — 0.9. Assume that the desired

A Lblock diagram of a reasonably realistic adaptive controller is given in
Fig. 11.17. Adaptive controllers also contain parameters. Guidelines for choos-
ing these have been given in this chapter.

closed characteristic polynomial is

Anlg) = g’ —q+0.7
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B
L lE) = - - it St =
Valt) ALA vit)  vs(t) AmAr,L{f)
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Ru, + Svy =0
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CHAPTER 12

COMMERCIAL PRODUCTS
AND APPLICATIONS

121 INTRODUCTION

There have been a large numher of applications of adaptive feedback con-
trol over the past 30 years. Experiments with adaptive flight-contrel systems
were done in 1960. Industrial experiments with self-tuning regulators were
performed in 1972. Full-scale experiments with adaptive autopilets for ship
steering were done in 1973. Special adaptive systems have been in continuous
use for a long time. Some process control loops have been running continu-
ously since 1374, There are also a number of special products that have been
operating for a long time. Commercial systems for ship steering have been in
continuous operation singe 1980,

Systems implemented by using minicomputers appeared in the early 1970s.
However, not until the 1980s did adaptive techniques start to have real impact
on industry, The number of applications increased drastically with the advent
of the microprocessor, which made the technology cost-effective. Because of
this, adaptive controllers are also entering ithe marketplace even in single-loop
controilers. Several commercial products based on adaptive techniques were
introduced in the early 1980s, and second- and third-generation versions have
been introduced in some cases.

Adaptive techniques are used in a number of products. Gain acheduling is
the standard method for design of flight ¢ontrol systems for high-performance
aircraft, and it is also used in robotics and process control. The self-oscillaling
adaptive system is used in several missiles. There are several commercial adap-
tive systems for ship steering, motor drives, and industrial robots. Adaptive
techniques are used both in single-loop controllers and in general-purpose pro-
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cess control systems in the process industry. Most industrial processes are con-
trolled by PID controllers, and a large industrial plant may have thousands of
them. Many instrumént engineers and plant personnel are used to select, in-
stall, and operate such controllers. In spite of this, many controllers are poorly
tuned. One reaszon is that simple, robust methods for automatic tuning have
not been available. Adaptive methods are now available for automatic tuning
of PID controllers. This is in fact one of the {astest-growing areas of application
for adaptive contral,

Howcver, adaptive techniques are still not widely used; the technology
is not mature. Because of involvement of commercial enterprises in adaptive
control, it is not always possible to find out precisely what is being done.
Various ideas are hidden in proprietary information that is carefully guarded.

This chapter is organized as follows. An overview of some applications is
given in Section 12.2. A number of commercial products that use adaptation are
presenied in Sections 12.3 and 12.4. Some specific applications are presented
in more detail in the sections that follow. Ship steering, automobiles, and
ultrafiltralion are arcas given special attention.

12.2 STATUS OF APPLICATIONS

A large number of experiments with adaptive control have been performed
since the mid-1950s. The experiments have had different purposes: to ver-
ify ideas, to find out how adaptive systems perform, to compare different ap-
proaches, and to find out when they are suitable. The early experiments, which
used analog implementations, were plagucd by hardware problems. When dig-
ital process computers became availabte, they were natural tools for experi-
mentation. Experiments with adaptive contrel required substantial program-
ming, since adaptation was not part of the standard software. Applications
proliferated with the advent of the microprocessor, which is a convenient tool
for implementing adaptive systems. Adaptive technigques now appear both in
single-loop controllers and as standard elements of large process control sys-
tems. There are tailor-made contrellers for special purposes that use adaptive
techniques.

Feasibility Studies

A number of feasibility studies have been performed to evaluate the useful-
ness of adaptive control, They cover a wide range of control problems, such
as autopilots for missiles, ships, and aircraft; engine control; motion control;
machine tools; industrial robets; power systems; distillation columns; chemical
reactors; pH control; furnaces; heating; and ventilation. There are also applica-
tions in the hiomedical area. The feasibility studies have shown that there are
cases in which adaptive control is very useful and others in which the benefits
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are marginal. Some industrial products alse use adaptive techniques. There
are both general-purpose controllers and controllers for special applications.

Auto-tuning

Simple controllers with two or three parameters can be tuned manually if there
is not too much interaction between the adjustments of different parameters,
but manual tuning is not possible for more complex controllers. Traditionally,
tuning of complex controllers has taken the route of modeling or identification
and controller design. This is often a time-consuming and costly procedure,
which can be applied only to important loops or to systems thal are to be
manufactured in large quantities.

All adaptive techniques can be used to provide automatic tuning. In such
applieations the adaptation loop is simply switched on. Perturbation signals
may be added to improve the parameter estimation. The adaptive controller is
run until the performance is satisfactory; then the adaptation loop 15 discon-
nected, and the system is left running with fixed controller parameters. The
particular methods for automatic tuning of PID eontrollers that were discussed
in Chapter B have been found to be particularly attractive because they require
little prior information and are closely related to standard industrial practice.

Auto-tuning can be considered a convenient way to incorporate autematic
modeling and design in a controller. It simplifies the use of the controller, and
it widens the class of problems in which systematic design methods can be
used cost-effectively. This is particularly useful for design metheds such as
feedforward that depend critically on good models.

Automatic tuning can be applied to simple PID controllers as well as to
more complicated systems. It is very convenient to introduce tuning inte a
DDC package because the tuning algorithm c¢an serve many loops. Auto-tuning
can also be included in single-ioop controllers. For example, it is possible to
obtain standard coentrollers in which the mede switch has three positions:
manual, autematic, and tuning. A well-designed auto-luner is very easy to
use, even for unskilled personnel. Experience has shown it te be useful both
for commissioning of new systems and for routine maintenance. Auto-tuners
can also be used to enhance the skill of the instrument engineers. Automatic
tuning will probably alsc be a useful feature of more complicated controllers.

Automatic Construction of Gain Schedules

Gain scheduling is a very useful technigque, bul il has the drawback that it
may be quite time- and cost-consuming to build a schedule. Auto-tuning can
conveniently be used to build gain schedules. A scheduling variable is first
determined. The parameters that are obtained when the system is running in
one operating condition are then slored in a table together with the scheduling
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variable. The gain schedule is obtained when the process has operated at a
variety of operating conditions that covers the operating range.

True Adaptive Control

The adaptive techniques may, of course, also be used for genuine adaptive
control of systems with time-varying paramnelers. There are many ways to do
this. The operator interface is important, since adaptive controllers also have
parameters that must be chosen. Controllers without any externally adjusted
parameters ean he designed for specific applications, in which the purpose
of control can be stated a priori. The ship steering autopilot discussed in
Section 12.6 is a typical example. In many cases, however, it is not possible
to specify the purpose of conirol e priori. It is at least necessary to tell the
controller what it is expected to do. This can be done by introducing dials
thal give the desired properties of the closed-loop system. Such dials are
characterized as performance-related. New types of controllers can be designed
by using this concept. For example, it is possible to have a controller with
one dial, labeled with the desired closed-loop bandwidth. Another possibility
would be to have a controller with a dial that is labeled with the weighting
hetween staie deviation and control action in an LQG problem. Adaptation can
also be combined with gain scheduling. A gain schedule can be used te get the
parameters quickly into the correct region, and adaptation can then be used
for fine-tuning.

Adaptive Feedforward

In many applications it is possible to measure some of the digturbances acting
on the process. Feedforward control is very useful when there are measur-
able disturbances. With feedforward it is possible to decrease the influence of
disturbances substantially. However, feedforward conirol, being an open-loop
compensation, requires good models of process dynamics. Identification and
adaptation therefore appear to be prerequisites for effective use of feedforward
compensation. Until now, very little research and development have been done
on adaptive feedforward, even if it was used in the early applications of self-
tuning regulators.

Abuses of Adaptive Control

An adaptive controller is more complex than a fixed-gain controller, since it is
nonlinear. Before we attempt to use an adaptive controller, it may therefore be
usefu! to investigate whether the problem can be solved with a robust constant-
gain controller, as discussed in Chapter 10. As was pointed out in Chapter 1,1t
is net possible to judge the need for adaptation from the variations in the open-
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loop dynamics. The open-loop respunses may vary much while the closed-loop
responses are ¢lose and vice versa.

The complexity of the controller has to be balanced against the engineering
effort required to make the system operational. Experience has shown that only
a modest effort is required 1o make a standard adaptive system work well.

12.3 INDUSTRIAL ADAPTIVE CONTROLLERS

A number of industrial products incorporate adaptive control techniques. The
products can be divided into

« Tuning tools for standard controllers,

+ Adaptive standard process centrollers,

« General-purpose toolboxes for adaptlive control, and
« Special-purpose adaptive controllers.

Because of the large number of different products, it is possible to give only
some cxamples from the different categones.

Tuners for Standard Process Controllers

'There are many products for tuning of standard eontrollers of PID type. Leeds
and Northrup announeed a PID controller with a self-tuning option in 1981
SattControl in Sweden announced auto-tuping for PID controllers in a small
DDC system in 1984 and a single-loop cantroller with auto-tuning in 1986.
Practically all PID controilers that come on the market today have some kind
of built-in automatic tuning or adaptation. There are four main solutions for
the tuners for standard controllers:

+ A parametric model approach,

« A nonparametric mode] approach,

» External tuning devices, and

« Tuning tools in distributed control systems.

The main idea in the parametric medel controllers is to make an experiment,
usually in open loop, and estimate a first- or second-order model with time
delay, The input signals are usually steps, but pulses or pseudo-random bi-
nary sequence (PRBS) signals are also used. The parameters of a PL or PID
controller are then determined by using empirical tuning rules or a pole place-
ment technique. Typical products in this category are Protonic from Hartman
& Braun and UDC 6000 from Honeywell.

In the nonparametric model approach, a point on the Nyquist curve is gen-
erally estimated by using relay feedback. Compare the auto-tuning discussed
in Chapter 8. On the basis of this information a modified set of Ziegler-Nichols
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tuning rules are used to determinc the parameters of the controller. SatiCon-
trol ECAA4D and Fisher-Rosemount DPRI00 are typical of this category.

The tuning aids discussed above are built-in features in the standard
controllers. The operator initiates tuning by pushing a button or giving a
command. The external tuning tools are special types of equipment thal are
connected to the process for the tuning or commissioning and then removed.
The experiments are usually done with the process in open loop. The external
tuner then determines suitable controlier parameters. The new parameters are
often entered manually by the eperator. Since the external tuner can be used
for different types of standard controllers, it must have detailed knowledge
aboul the parameterization and implementation of algorithms from ditferent
manufacturers. Examples of external tuning tools are Supertuner from Toyo
Systems in Japan, Protuner from Techmation in Arizena, PIDWIZ from BST
Control in WMineis, and SIEPID from Siemens in Germany.

Tuning touls have also been introduced in distributed control systems, Be-
causge of the available computing power, it is possible to have very good human-
machine interfaces and several options for tuning. Honeywell has a system
called Looptune; Fisher-Rosemount Systems has a product called Intelligent
Tuner.

Adaptive Standard Process Controllers

The tuners discussed above de not tune the controllers continuously but only
on demand from the operator. However, there are also standard controllers
with adaptation, which can follow changes in the parameters of the process.
The adaptive standard controllers can be divided into

« A parametric model approach,
« A nonparametric model approach, and
» A patlern recognition approach.

The model-based adaptive controller usnally estimates a first- or second-order
model with time delay using a recursive least-squares algorithm. A pole place-
ment controller with PID structure can then be determined. Examples are the
Bailey Clontrols CLC0O4 and Yokogawa SLPC-181, -281.

One example of a nonparametric adaptive controller is SattControl ECA
400. (Sec Fig. 1.23.) It is a development of the relay-based auto-tuner. One
point of the Nyquist curve is estimated continuously by using band-pass filter-
ing, The parameters of the controller are then determined by using a modified
version of the Ziegler-Nichols tuning rules.

Expert systems or pattern recognition have also been used for adaptive
tuning of standard controliers. The first was the Foxbore EXACT, which was
announced in October 1984, This controller is described in more detail in
the text that follows. In 1987, Yokogawa announced adaptive PID contirollers,
SLPC-171 and SLYC-271, which have features simmlar to those of Foxboros
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EXACT. Another controller in this category 1s Fenwal 570. The Honeywell.

UDC 6000 controller uses step response analysis for automalic tuning and a
rule base for adaptation. These controllers are designed to capture the skill
of an experienced control engineer in rules. About 100-200 rules are typically
implemented. The controllers are waiting for changes in the reference value or
large upsets of the process. On the basis of the response and the tuning rules,
the parameters of the controller are modified to increasc the performance of
the closed-loop systemn.

Several of the adaptive standard controllers, for example, Fisher DPR 910
and SattControl ECA400, have adaptive feedforward and the possibility to
build up gain scheduling tables automatically. These features are very useful
and can improve the performance considerably.

Standard controllers with more sophisticated control algorithms are now
appearing on the market. One example is U.A.C. (Universal Adaptive Con-
troller) from Process Automation Systems in British Columbia, which is based
on predictive control. The controller can alszo handle multivariable systems.

General-Purpose Toolboexes for Adaptive Control

There is often a need to use more elaborate control algorithms than the stan-
dard PID controllers. It is then necessary to estimate higher-order models and
to have the possibility to usc different design algorithms. To cover these situ-
ations, general toolboxes for adaptive control have been developed. The adap-
tive algorithms are usually modules or blocks in more general packages for
direct digital control {DDC). Asea Brown Boveri presented a general-purpose
adaptive controller in 1962, First Control Systems in Sweden introduced an
adaptive controller in 1986. It is also possible to implement adaptive control
in modern distributed control sysiems.

PLC Implementations

Adaptive controllers can also be implemented in ordinary programmable logic
controller (PLC) systems. Such solutions are used by manufacturing companies
with competent in-house expertise. For example, 3M has implemented adaptive
controllers in this way. The first installation was made in 1987. Currently,
there are about 200 adaptive loops in operation. A wide range of processes
are controlled. The systems are implemented on a variety of platforms such as
General Electrie, Modicon, Measurex, Square-D, and Reliance. Prugramming
ig done in Basic or C. The applications include standard loops for temperature,
pressure, position, and humidity and more specialized loops asseciated with
3M proprielary processes. The adaptive algorithms that are used are based on
estimation of parameters in models having the structure

Alq yy(t) = Bilg ™ ult —d) + Bylg ot —d)
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where v is a measurable disturbance. Polynomial A* has degree one or two,
but polynomials B; and B, may have higher degree to cope with variable
time delay. The parameters are estimated by a special gradient technique. The
control design is 2 modified minimum-variance strategy.

Special-Purpose Adaptive Controllers

For many pracesses, extensive process knowledge is available. To make good
control, it is advantageous to use as much a priori knowledge as possible.
Structures of the model and knowledge of integrators or time constanis can be
used to design the controller and to facilitate the tuning. For instance, special-
purpuse adaptive controllers have been developed for ships, pulp digesters,
motor drives, ultrafiltration, and cement raw material mixing.

12,4 SOME INDUSTRIAL ADAFPTIVE CONTROLLERS

Some representative commercial products and their features are described in
this section. Special emphasis is put on properties such as estimation, prior
information, and industrial experiences. The section ends with a discussion of
some general aspects of industrial nse of adaptive controllers.

SattControl ECA40 and Fisher Control DPR 900

This is the original auto-tuner based on relay oscillations, as described in
Chapter 8. It was first introduced in a small (about 45 loops) DDC system
for industrial process control SDM20. In this application the tuner can he
connected to tune any loop in the system. Relay auto-tuning is aiso available in
single-loop PID controliers {SattControl ECA40 and Fisher Control DPRS0C).
In these controllers, tuning is done on demand by pushing a button on the
front panel, so-called ene-button tuning. The controllers are alse provided with
facilitics for gain scheduling. There is a table with three controller settings.

Parameter Estimation. The ultimate period and the ultimate gain are deter-
mined by an experiment with relay feedback. The fluctuations in the output
signal are measured, and the hysteresis of the relay is set slightly wider than
the noise band, The initial relay amplitude is fixed. The amplitude and period
are measured for each half-period. A feedback adjusts the relay amplitude so
that the limit eyele oscillation has a given amplitude. When two successive
half-periods are sufficiently close, PID parameters are computed, and PID con-
trol is initiated automatically.

Control Design. When the ultimate gain and the ultimate period are known,
the parameters of a PID controller can be determined by a modified Ziegler-
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Niehals rule. There is also a limited ameount of logic to determine whether
derivative action is needed.

Prior Information. A major advantage of the aute-tuner is that no parameters
have to be set @ prieri. To use the tuner, the process is eimply brought to an
equilibrium by seiting a constant controi signal in manual mode. The tuning
is then activated by pushing the tuning button. The controller is automatically
switched to autematic mode when the tuning is complete. Different control
objectives may be obtained by modifying the parameters in the Ziegler-Nicho!s
rule. One mode is chasen by defzult, but the user can request a slower or an
extra-fast response.

Industrial Experiences. The system has been considered very easy to use, cven
by inexperienced personnel. Both the auto-tuning and gain-scheduling features
have been found to be very useful. In many applications the auto-tuner has
contributed significantly to improved tuning. It has also been demonstrated
that commissioning time can be shortened significantly by using automatic
tuning and that the standard controller can be applied to processes having a
wide range of time scales. Simplicity is the major advantage of the auto-tuner.
This has proved particularly useful for plants that do net have qualified in-
strument engineers and for operation during the night shift, when instrument
enginecrs are not available. It is also easy to explain the aute-tuner to the
instrument engineers. The properties of the auto-tuner are illustrated by an
example.

EXAMPLE 12.1 Level control

Figure 12.1 shows the behavier of the controller when it is used to control the
level of a vessel in 2 pulp mill. A controller with pure proportional action was

Tuning Output level
130 s
s, e —
1 | ~
P function PI function Sectpoint change of 4%

Control signal

Figure 12.1 Results obtained when using the SattControl ECA40 for level
control in a pulp mill.
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used originally, resulting in the steady-state error shown in the figure. The
tuning took about two minutes and resulted in a PI controiler. This example

illustrates the usecfulness of the logic for selecting control action. Figure 12.1
also shows the control signal. 0

EXACT: The Foxboro Adaptive Controller

This controller is based on analysis of the transient response of the closed-
loop system to setpoint changes or load disturbances and traditional tuning
methods of the Ziegler-Nichols type.

Parameter Estimation. Assuming controller parameters such that the closed-
loop system is stable, a typical response of the control error to a step or impulse
disturbance ig shown in Fig. 12.2, Heuristic logic is used to detect that a proper
disturbance has occurred and to detect the peaks e, ea, and e3 and period T,
The estimation process is simple, but it is based on the assumption that the
disturbances are steps or short pulses. The algorithm can give wrong estimates
if the disturbances are two short pulses because T, will then be estimated to
be the distanee between the pulses.

Control Design. The control design is based on specifications on damping,
overshoot, and the ratios T;/T, and T,/T,, where T; is the integration time,
T, is the derivative time, and T}, is the period of oscillation. The damping is
defined as

ez ey

d=

g — €z

and the overshoot as
Iy
P
€1

In typical cases, both d and o must he less than 0.3. Empirical rules are used to
calculate the controller parameters from 7, d, and o. These rules are based on

rnet——— TP_—-.-

Figure 12.2 Typical response of control error te step or impulse distur-
bances.
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traditional! tuning rules of the Ziegler-Nichols type, angmented by experiences
from controller tuning.

Prior Information. The tuning procedure requires prior information about
the controlier parameters K., T}, and Ty. It also requires information on the
time scale of the process. This is used to determine the maximum time the
heuristic logic waits for the second peak. Some measure of the process noise is
also needed to set the tolerances in the heuristic logic. Some parameters may
also be set optionally: damping d, overshoot ¢, maximum derivative gain, and
bounds on the controller parameters.

Pre-tuning. The tuning procedure requires reasonable controller parameters
to be known so that a closed-lnop system with a well-damped response is
obtained. There is a pre-tune mode that can be used if the prior information
that iz needed is nol available. A step test is done in which the user specifies
the step size. Initial estimates of the controller parameters are detcrmined
from the step, and the time scale and the noise level are also determined. The
pre-tune mode can be invoked only when the process is in steady state.

Industrigl Experiences. Thousands of units of EXACT controllers are in use
today. The system is also available in Foxboro’s system for distributed process
control. Users from a large number of installations have reported favorably,
citing the ease with which controllers can be well tuned and the ability to
shorten commissioning time. It is also mentioned that derivative action can
often yield significant benefits.

Eurotherm Temperature Controller

Temperature control is traditionally done with simple PID controllers, which
are cheaper than conventional industrial controllers. Auto-tuning is now also
used in such simple systems. One example is controllers produced by Eu-
rotherm in the United Kingdom. A modified relay tuning is used in those
controllers. Full control power is used until an artificial setpoint is reached.
Twao half-periods of a relay tuning are then used, and the controller param-
eters are ealculated from the transient. The controller also has facilities for
automatic on-line tuning based on transient response analysis.

In temperature control loops, there are usually different dynamics depend-
ing on whether the temperature is increasing or decreasing. This nonlinearity
can be handled by nsing gain scheduling,

Asea Brown Boveri (ABB) Adaptive Controller

The Asea Brown Boveri {ABB) adaptive controller was first marketed under
the name Novatune, It is an adaptive controller that is incorporated as a
part of ABB Master, a distributed system for process control. The system is
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Figure 123 Block diagrams of the adaptive modules STAR] and STARS,
available in the ABB adaptive controller.

block-oriented, which means that the process engineer creates a system by
selecting and interconnecting blocks of different types. The system has blocks
for conventional PTD control, logic, and computation. Three different blocks,
calied STARL, STAR2, and STARS3, are adaptive controllers. The adaptive
controllers are sel-tuning regulators based on least-squares estimation and
minimum-variance ccntrol. The controllers all use the same algorithm; they
differ in the controller complexity and the prior information that must be
supplied in using them.

The ABB adaptive controller differs from the controllers that were dis-
cussed previously in that it is not based on the PID structure. Instead, its al-
gorithm is based on a general pulse transfer function. It also admits dead-time
compensation and feedforward control. The ABB adaptive controller system
may be viewed as a toolbex for solving control problems.

Principle. The ABB adaptive controller is a direct self-tuning regulator simi-
lar to Algorithm 4.1 in Section 4.3. The parameters of a discrete-time modcl are
estimated by using recursive least squares. The control design is a minimum-
variance controller, which is extended to admit positioning of one pole and a
penaity on the control signal. The block diagrams in Fig. 12.3 show two of
the adaptive modules. The ABB adaptive controlter system has three adaptive
modules: STARI, STAR2, and STAR3. STARS is the most complicated. The
simpler ones have fewer inputs and have default values on sore of the pa-
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rameters in STAR3. In the block diagram the input signals are shown on the
left and top sides of the box, the output signals on the right, and the parame-
ters on the hottom. The parameters can be changed at configuration time. The
parameters PL, T, and PN can also be changed on-line. _

The simplest module, STARL, has three input signals: the manual input
UEXT, the measured value FB, and the setpoint REF. It has three parameters.
The variable PY is the smallest relevant change in the feedback signal; the
adaptation is inhibited for changes less than PY. The parameters MAX and
MIN denote the bounds on the control variable, and T is the sampling period.

The module STAR2 has more input signals. It admits a feedforward signal
FF. There are also four signals, HI, LO, DH, and DL, that admit dynamic
changes on the bounds of the control variable and its rate of change. There are
also additional parameters: PN, for a penalty on the control variable, and KiJ,
which specifies the prediction horizon. The module also has two additional
mode switches: REGAD, which turns off adaptation when false, and SOFT,
which allows a soft stari.

The module STARS has an additional function LOAD, which admits pa-
rameters stored in an EEPROM to be loaded. It also has several additional
parameters, which admit pesitioning of one pole PL and specification of con-
troller structure NA, NB, NC, and INT.

Parameter Estimation. The parameter eslimation is based on the model
{1-Plg” Dyt + KD) - (1 - PL)¥(2)
= A'(q Ay (®) + B*(g Nault) + C*{(g7)Aa(t)

where A*, B*, and C'* are polynemials in the delay operator ¢ 1y is the
measured variable, « is the control signal, v is a feedforward signal, and A is
the difference operator 1—g~!. (Compare with Algorithm 3.6.) The integers NA,
NB, and NC give the number of coefficients in the polynomials A", B~, and C*,
respectively. The number PL is the desired pole location for the optional pole.
When parameter INT is zero, a similar model without differences is used. The
parameters are estimated by using recursive least squarcs with a forgeiting
factor 4 = 0.98, Parameter estimation is suspended automatically when the
changes in the control signal and the process output are less than PUJ and PY.
The parameter updating may also be suspended on demand through the switch
RECAD. In combination with other modules in the ABR adaptive controller
system, this constitutes a convenient way to obtain robust estimation.

Control Design. The control law is given by

(p + Blg ™M) du(t) = (1- PL)(u () - y() - A*(q" )Ay(t) - Cig )av(r)

where p is a penalty factor related to PN. Since the algorithm is a direct
self-tuner, the controller parameters are obtained directly from the estimated
parametors,
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Industrial Experiences. The ABB adaptive controller has been applied to a
wide range of process control problems in the steel, pulp, paper, and petro-
chemical industries, wastewater treatment, and climate control. Some appli-
cations have given spectacular improvement of performance compared to PID
control. This is particularly the case for processes with time delay, and in ap-
plications in which adaptive feedforward can be used. It has also been used
to make special-purpose systems for special application areas such as paper
winding and climate control. Some ABB adaptive controller applications are
described in more detail in Section 12.5. The essential drawback of the ABB
adaptive controller is that it is based on a direct self-tuner. This means that
the sampling period and the parameter KD have to be chosen with care. It
may, for example, be difficult to use very short sampling periods.

Firstloop: The First Control Adaptive Controller

The adaptive system Firstloop was developed by First Control Systems, a
small company founded by members of the Novatune team. Firstloop is a
small controller module with up to eight self-tuning regulators. The system
is a toolbox with modules for adaptive control, logic, filtering square root
functions, and operator communication. An interesting feature is that the
adaptive controller is the only controller available in the system. However,
by choosing the number of parameters of the estimated model, it is possible to
get different controller structures—for instance, a PID controller. The adaptive
controller can tune ten parameters with a sampling period of 20-50 ms. The
software admits easy configuration of a control system. The First Control

Figure 12.4 The MicroController from First Control. (With courtesy of First
Control Systems AB.)
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controller is shown in Fig. 12 4. Firstline is a distributed process control system
with a block-oriented language for control design. The adaptive controller is
incorporated as a standard function medule. We will describe the adaptive
control module in detail,

Principle. The adaptive control unit used in Firstloep and Firstline is hased
ob recursive eslimation of a transfer function model and a contro) Jaw based
on indirect pole placement. The controller also admits feedforward. The main
advantage of using an indirect pole placement algorithm is thal the system can
he applied to nonminimum-phase systems and systems with time-varying time
delays. This also implies that short sampling periods can be used. (Compare
the discussion in Section 6.9.) The adaptive module comes in two versions,
a standard module and an expert module. The standard module is intended
for use by ordinary instrument engineers whao are not specialists in adaptive
control. The expert module shown in Fig. 12.5 is intended for specialists in
adaptive control. Many parameters are given default values in the standard
module. The variables that must be specilied are shown in Fig. 12.5. The signal
connections are measured value MV, setpoint SP, externa) controf signal UE,
feedforward FFI, FF2, and controller output I, The mode switches ON, AUT(Q,
and ADAPT are for on/off, auto/normal, and adaptation an/off, respectively.

Signals Parameters
— ON NA L
Logical — AUTO NB —
8l ——— ADAPT NC — .
— 1L.OAD MD | Integer
DMP [
Integer ——— MODEL SAMP |—
— MV UMAX [
— 8P UMIN
-1 UE RESU  —
-1 FFI RESY —  Real
Real  — 1 Ffz KINIT
- HI BMPLVL —
- LG POLE "
— DUP
T DUM Si;; Logical
U ] S
Qutput

Figure 12,5 The expert medule STREGX in Firstloop.
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Parameters [/MAX and UMIN define the actuator range. Variables H{f, LO,
DUP, and DUM specify the limits on the control signal that are used internally
in the controller. The performance-related parameters are POLE, which gives
the desired closed-loop pule, and BMPLVL, which gives the admissible initial
change of the control variable at mode switches.

The desired closed-loop pole is the major variable to be sclected. The choice
of this variable clearly requires knowledge of the time scales of the process.

The recommended rule of thumb is to start with a large value and gradually
decrease it.

Parameter Estimation. The parameters of a transfer function model are esti-
mated. Systems with variable time delay can be captured, provided that a large
number of b parameters are used. Up to 15 paramelers can be estimated in
the model. The number of parameters in the model is specified by NA, NB, and
NC. Common factors in the pulse transfer function are canceled automatically.

Control Design. The control design is based on pole placement. The desired
response is characterized as a first-order system with delay. The remaining
poles are positioned at the origin. The design of the algorithm is based on
solving the Diophantine equation by a methed that cancels common factors
in the estimated polynomials. An LQG-based algorithm is also available. The
details of the control design are proprietary.

Safety Network. The algorithm is provided with extensive safety logic. Adap-
tation is interrupted when variations in measured signals and control signals
are too small. The limils are given with the parameters RESU and RESY.
Adaptation is also interrupted when the control error is below a certain limit,
and there are safeguards to ensure that the influence of a single measurement
error or sudden large disturbance s limited. (Compare Section 6.9.) Measured
values that result in large model errors are also given a low weight automati-
cally. The details of the safety logic are not available. Different models can be
stored for uge in different situations. The controller is initialized by a model
number equal to MODEL when LOAD changes from false to true.

Industrial Experiences. Firstloop and Firstline are used in a number of high-
performarnce process control systems. They inelude control of pulp mills, paper
machines, rolling mills, and pilot plants for chemical process control.

Discussion

The products described give an idea of how adaptive technigues are used
in commercial products. Additional insight can be derived by analyzing the
existing products and trends. Experience from the applications clearly indicates
the need for tuning and adaptation; there are undoubtedly many control loops
that are poorly tuncd. This results in loss of energy, quality, and effective
production time. I is also of interest Lthat many different techniques are used,
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and there are also promising adaptive algorithms that have not yet reached
the marketplace. A few specific issucs will be discussed in more detail.

Computing Power. Industrial use of adaptive methods has been possible be-
cause of the availability of microprocessors. Most of the commercial systems
are based on 8-bit processors, with their inherent limitations in addressing
capability. This applies to all the PID auto-tuners and the first version of the
ABB adaptive controller that used less than 64 kbyle of memory. With 16-bit
processors and larger address spaces it is possible to use more sophisticated
algorithms and better human-machine communication. The PII auto-tuners
typically run with sampling rates of 10-50 Hz,

Intentional Perturbation Signals. To estimate parameters, it is necessary to
have data with variations in the control signal. Such variations can be gen-
erated naturally or introduced intentionally. Natural perturbations can occur
because of disturbances or poorly tuned controllers. Intentional perturbations
can be introduced when natural perturbations are not present, as suggesied by
dual control theory. This method is used in several of the auto-tuning schemes.
If prier information about the system dynamics is available, it is possgible to
find signals that are optimal for the purpose of estimating parameters. Relay
feedback automatically generates en inpat signal having a lot of energy at the
frequency at which the process has a phase lag of 180°. Although intentional
perturbation signals are both useful and justified by theory, they are often
controversial. It should be remembered, however, that poorly tuned conirollers
may also be considered perturbations.

Controller Structures. Different controller structures are used in the commer-
cial systems. There are both PID controllers and general transfer function
systems that admit feedforward and compensation for dead time. The main
advantage of the PID structure is that it is close to current industrial practice.
Within the PID family there are cases in which derivative action is of liitle
benefit. Systems like the SattControl ECA40 can determine this and choose F1
action automatically, However, there is no system that can choose the controller
structure generally, although it seems possible to design such systems.

The benefits of feedforward control from measurable disturbances have
been known for a long time. Experience with the ABB adaptive controller and
Firstloop clearly shows the benefit of adaptive feedforward control. Since feed-
forward control critically depends on 2 good maodel, adaptation is almost a pre-
requisite for feedforward control. Adaptive controllers like the ABB adaptive
controller and Firstloop use a controller structure that is a general transfer
function medel like

Rig)ult) = Ti{q)u.le} + Tulqhv(?) — S(g)ylt) (12.1}

where u is the control variable, u. is the command signal, v is a measured
disturbance, and ¥ is the controlled output. The polynomials £,S,Ty, and T
can be chosen so that the controller corresponds to a PID controlier. However,
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the controller modeled by Eqg. (12.1) can also be much more general than a
PID controller. It can incorporate many classical features such as fillering,
disturbance models, Smith predictors, and notch filters. For more demanding
control problems the general transfer function controller thus has significant
advantages over the PID controller. However, more expertise in control engi-
neering is needed to understand and interpret the parameters of a contraller
like Eqg. {12.1). Since the PID controller is so commen, we can expect it to
coexist with more general controllers for a long time.

Multivariable Control. Multivariable eontrol problems ean be handled 10 a
limited extent by using the feedforward feature in the ABB adaptive controller
and Firstloop. None of the commercial systems admit iruly multivariable adap-
tive control. Up to now there have nout been many applications of adaplive con-
trol to true mullivariable systems. This situation can be expected Lo change
significantly hecause of the substantial interest in model predictive control.

Pre-tuning. Tt is interesting to note that many schemes have been provided
with a pre-tuning feature. In some cases it appears that this was added after-
wards. The reason is undoubiedly that too much user cxpertise is required for
the standard algorithms. The selection of sampling periods or the equivalent
time scales is a typical example. It appears that the relay method for automatic
tuning would be an ideal method for pre-tuning.

Tuning Automatically or on Demand. The existing products include systems
in which tuning is initialized on demand from the operator or automatically.
Users of both schemes have documented their experiences. It appears that
therc arc a number of processes for which eontrollers should be retuned for
different operating conditions. Tn many cases there are measurable signals
that correlate well with the operating conditions. In these cases 1t seems
that the combhination of on-demand automatic tuning with gain scheduling
is a good solution. This will give systems that change parameters faster than
systems with adaptation. Of course, it is convenient to have tuning initiated
automatically, but it is difficull to give general guidelines for when tuning
should be initiated. The simple schemes that are currently in use are often
based on simple level detection. Further research is required to find conditions
for retuning; this is discussed further in Section 13.4.

An analysis of the division of labor between human and machine gives
another viewpoint on the question of on-demand or automatic tuning. When
tuning is done on demand of the operator, the ultimate responsibility for tuning
clearly remains with the eperator or the instrument engineer. This responsibil-
ity is carried even further in some systems, in which the instrument engineer
has to acknowledge the tuncd values before they are used. A good sclution
would be a system in which the responsibility and the tuning techniques could
be moved from the operator io the computer sysiem. Ideally, the system should
also allow the operator to learn more about contrel in general and the particular
process in question. Experimental architectures that allow this are avaitable,
hut not in commercial systems.
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Requirements for the User

The requirements for the user are very different for the various commercial
systems. The P'ID eontrollers in which tuning ig initiated automaticaily require
very little, Controllers with on-demand tuning require somewhaf more knowl-
edge on the part of the user. Systems such as the ABB adaptive controller and
Firstloop can be regarded as toolboxes for solving control problems that are

more demanding. They also allow complex control systems to be configured.

This is clearly illustrated by the experiences from ABB adaptive controller in-
stallations. The system wuas designed by a very qualified team that included
several first-rate Ph.D.s. The design team was also responsible for many of the
initial installations, which were extremely successful.

More receni versions of the toolbox systems are much easier Lo use.
Moderate-sized systems have been successfully implemented by instrument
engineers with little knowledge of advanced control. There are several reasons
for the increased user-friendliness of the systems. The safety logic has been
improved significantly; modules in which many parameters are given delault
values have been designed; und computer-based configuration tools, with a lot
of knowledge built in, have been developed. The toolhoxes thus allow a user to
get started quickly with a modest knowledge of adaptive control, and they also
make it possible for a user to construct more advanced systems when more
knowledge is acquired.

12,5 PROCESS CONTROL

There are many applications of adaptive control in the field of industrial pro-
cess control. Some typical examples are discussed in this section. The applica-
tions give insight into how adaptive control can be used in practice.

Temperature Control in a Distillation Column

Although the SattControl auto-tuner has been used mostly for conventional
loops for control of flow, pressure, and level, it has alsc been applied to more
difficult problems. One example is temperature control in a distillation col-
umn. This is a conventional control loop in which the temperature in a tray of
a distillation column is measured and the boil-up is manipulated. This control
loop was part of a process system with many loops. There had been severe
problems with the temperature control for a long time, and several attempts
had been made to tune the loop. Figure 12.6 shows a recording of the temper-
ature. The figure shows that the loop is oscillatory with the controller tuning
that was used (K. = 8, I} = 2000, and T, = 0}. Also notice the lang period
of the oscillation. The controller was switched to manual at time 11:30, and
the temperature then started to drifi. Auto-tuning was initiated at time 14:00.
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Figure 12.6 Application of the SattControl ECA40 to temperature control
in a distillation column,

The tuning phase was completcd after six hours at time 20:00, when the con-
troller was automatically set to automatic control. The contreller parameters
obtained were K, = 1.3, T; = 4300, and T; = 1100. Notice that the whole
tuning procedure is fully automatic. The only action taken by the operator was
to initiate tuning at time 14:00. The temperature variations during tuning are
not larger than those obtained with the conventional coniroller setiings. The
example shows that the auto-tuner can cope with a process having drastically
different time scales than those normally used.

Chemical Reactor Control

Chemical reactors are typically nonlinear. Characteristics such as catalyst ac-
tivity change with time, as does the raw material. There are often inherent
time delays, which may vary with production level. Poor control can result in
lower product quality, damage to the catalyst, or even explosions in exothermic
reactors. Chemical reactors are therefore potential candidates for adaptive con-
trol. The process in this application consists of two parallel chemical reactors
in which ethylene oxide is produced by catalytic oxidation of ethylene. The
process is exathermic and time-variable because of changes in catalyst activ-
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Figure 12,7 Schematic diagram of the reactor.

ity. It 15 essential to keep the temperature accurately controlled; a reduction of
temperature variations improves the yield and prolongs the lifc of the catalyst.
Stable steady-state operalion is also a first step toward plant optimizaticn.

The plant was equipped with a conventional control system that used
PID controllers to contrel flow and temperature. The plant personnel were
dissatisfied with the systemn because it was necessary to switch the controllers
to manual contrel in case of many major disturbances, which could happen
several times per day.

A schematic diagram of the process is shown in Fig. 12.7. The reactor is
cooled by circulating oil to a cosler, The temperature of the coolant at the
inlet to the reactor is the primary controlled variable, and the reactor outlet
temperature and the coclant flow are also measured. The control signal is
the flow to the ccoler. The dynamics relating temperatures and flow te valve
openings have variable delays and gains.

Disturbances in the process are caused by variations in the incoming gas
and load changes. Large disturbances occur with changes in production level or
with “shutdowns” caused by failure in surrounding process equipment. During
shutdowns it is most important to maintain the process temperature as long as
possible so that the production can be restarted casity. With the conventional
contral system, temperature fluctuations were around +0.5°C during normal
operation and up to +2°C during larger disturbances. With adaptive control
the variations were reduced to £0.1°C during normal eperation and 20.5°C
during large upsets.

The adaptive contral system was implemented by using the ABB adaptive
controller and the STARS3 module with feedforward from the reactor outlet
temperature. By using the other modules in the system, it was also straight-
forward 1o handle the dual valves and to reset to manual mode for startup and
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shutdown. The system has been in continuous operation since 1982 on a reac-
tor at Berol Kemi AB, which produces 30,000 tons per year. The operational
experiences with the system have been very good. With adaptive control, it was
possible to reduce the temperature fluctuations significantly. The controllers
are now kepl in automatic mode most of the time, even during production
changes. This has made it possible to revise operational procedures, since op-
erators do not have to spend their 1ime supervising the reactor temperature.

Pulp Dryer Control

Dirying processes are common in the process indusiries. The mechanisms in-
volved in drying are complex and poorly understood, and their dynamics de-
pend on many changing factors. There arc often significant benefits in improved
regulation, since an even moisture content is an important quality factor. There
are also significant potential energy savings. Drying processes are thus good
candidates for adaptive control.

In pulp drying, a wet pulp sheel passes a steam-heated drying section
and cooling section. A typical system is shown schematically in Fig. 12.8. The
moisture content of the sheet entering the dryer is about 55%. At the exit, it
is typically 10-20%. Tt takes about nine minutes to pass the dryer and about
half a minute to pass the cooler. The dryer dynamics are complicated. It is
influenced by many factors, such as the pH of the sheet. The measurements of
the moisture content are obtained by a traversing microwave sensor that moves
back and forth across the pulp sheet, describing a diagonal pattern on the sheet,
When one (raverse movement is complete, the mean value of the diagonal is
stored in the computer, the mean value algorithm is reset, the sensor moves
hack, and the procedure repeats itself. It takes a little less than one minute

Dr’yer T
pH | Speed Pressure Steam | Moisture
Production Pressure control
rale
compensation FB PI
Moisture contral REF
—| I
»FB  STAR —§
REF
Reference

Figure 12.8 Schematic diagram of pulp drying and the contrel system.
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for the sensor to move across the sheet. With manual control, the fluctuations
in moisture content often exceed £1%. The ABB adaptive controller was used
in this application. The control system configuration is shown in Fig. 12.8.
The moisture control is carried out by an adaptive software controller STAR.
The moeisture content measured by the traversing system is low-puss filtered
and connected to the FB input of the STAR. The desired moisture content
is chosen by the operator outside the ABB adaptive controller and sofiware
connected to the REF input of the STAR. ‘The pH value, measured in an carlier
process section, is used as the feedforward signal. This signal is connected to
the FF input of the STAR. The control signal of the STAR defines the desired
steam pressure, which is measured and controlled to the desired value by a
conventional hardware PI controller. The control signal of this controller acts
continuously on the steam flow valve.

The sampling period used in the adaptive controller was 3.5 minutes. A
fourth-order Butterworth filter was used as an anti-aliasing filter. This was
implemented by using the ABB adaptive controller tools. When the production
rate was changed, large upsets were noticed, lasting for about 30 minutes,
because it took 5-15 samples for the adaptive controller to settle. It was highly
desirable to reduce these upsets, and this was done by introducing a special
production rate compensation in the form of a pulse transfer function of the
Lype
_bz-1)

Z-0a

Hiz)

This gives a rapid change of the steam pressure when pulp speed changes.
It was not necessary to make this filter adaptive. The system has been in
operation since 1983 at a pulp mill at Mérrum’s Bruk that produces 330,000
tons of paper pulp per year. The operational experiences have been very good.
Fluctuations in moisture content have been reduced from 1% to 0.2%, which
improves guality. It also allows the setpoint to he moved closer to the target
value, resulting in significant energy savings.

Control of a Rolling Mill

The process control applications are typical steady-state regulation problems.
The rolling mill eontrol problem is much more batch-oriented. It illustrates the
use of adaptive techniques in machine control. There are many types of rolling
mille, each with its specific control problem. This particular application deals
with a skin pass mill located at the end of the production line. The material
processed by the mill may vary significantly in dimension and hardness.

The purpose of the mill is to influence quality variables such as hardness
and yield limit. A schematic diagram of the process is shown in Fig. 12.9. Let
v, be the speed of the strip entering the mill, and lel vz be the speed of the
strip at the exit. Because of the thickness reduction, the exit speed is larger
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Figure 129 Schematic diagram of the rolling mill and the cot:tre] system.

than the entrance speed. The elongation is defined as

P

L1
The key control problem is to keep a constant elongation, There is a difficult
measurement problem, since the velocity difference is so small. The process
operates over a wide range of conditions; the following operating modes can be
distinguished:

» Slow rolling at low speed during startup,

s Acceleration to fast rolling,

» Fast rolling at production speed,

« Intermediatc decelerations to slow rolling or even to standstill,

» Deceleration to slow rolling at the end of the strip, and

¢ System at rest waiting for the next strip.
Transition from one mode to another is performed automatically on demand
from the operator. It is essential that the control system handle these tran-
sitions well. The process dynamics relating elongation to roll force can be de-
seribed as a high-order dynamical system with an open-locp response time of
less than 0.05 s. Changes in production rate from 0 to 2000 m/min in less than
10 s are typical. The dynamics change drastically during the operation; the
dynamics of rolling change because of variations in the speed, hardness, and
dimension of the strip. There are also significant changes of the inertia of the



12,5 Process Control 523

coilers. All material starts on one coiler and ends up on the other. There are
variations in the oil film on the roller bearings due to variations in speed and
pressure. The dynamies of the hydraulic system vary with the operating point.

The changes in dynamics due to changing speed are predictable and can
{in principle) be taken care of by gain scheduling. Variations in dimension can
be handled similarly, The hardness cannot be measured directly on-line, so it
must be handled by feedback and adaptation.

The ABB adaptive controller was used in this application. A block diagram
of the control system is shown in Fig. 12.9. The speed variations are taken care
of in an elegant way. In the ABB adaptive controller, sampling can be triggered
by an arbitrary signal. In this case it is triggered by the pulse counters that
measure strip speed. This means that sampling is related to the length of the
strip, not to time. This is a simple way of making the control system invariant
to strip speed (the same idea was used in the ship steering example in Section
9.5). The measurement of the velocity difference is implemented by using pulse
generators and counters.

For each strip a saved model is loaded into the conlroller, and the adapta-
tion is switched on with some delayed action (15 sampling intervuls) to avoid
adaptation during the first few steps, in which the measurement is irregular.
The initial model is taken from a soft strip so that there will be no excessive
control action at startup. Soon enough, the controller will adapt lo the condi-
tions of the new strip. Figure 12,10 illustrates a typical run of a strip. Notice
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Figure 12.10 Elongation, roll force, and strip speed during & typical run
with the system.
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Figure 12.11 The cold rolling mill at Avesta-Sheffield is controlled by First

Control’s adaptive system. (With courtesy of Avesta-Sheffield, precision strip
AB, Kloster.)

in particular how well the system copes with the velocity variations and with
the mode changes. The installation of the system took about a week, mostly
devoted to function and signal checking and tests. The controller functioned
almost immediately when connected to the process. After that, approximately
two days were devoted to checking and tuning performance. This involved ex-
periments with different sampling rates.

A significant part of the installation time also involved other parts of
the system, particularly the logic. Operational experiences with the adaptive
control system have been very favorable. The variation in elongation was better
than is found with a conventional system, and the adaptive system also settled
faster during mode switches. The system has been in continuous operation
since 1983.

Figure 12.11 shows a cold rolling mill at Avesta-Sheffield in Langshyttan,
Sweden. The process is controlled by First Control’s adaptive control system
since 1990. The adaptive regulators keep the deviations in the strip thickness
within 2-3 gm, which is considered to be very accurate for this kind of mill.

Pulp Digester

Control of the pulp digester is an important part in manufacturing of chemical
pulp. The raw material is wood chips, which are broken down into fibers by
processing in a liquor composed of sodium hydroxide and sodium sulfide (white
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Figure 12.12 Schematic diagram of the ¢hip level controller for a continuous
Kamyr digester.

liquor). The process aperates either in batches or, more commonly today, as a
continuous process.

The Kamyr digester {see Fig. 12.12) is the standard continuous process.
The production rate is determined by the chip meter, which feeds chips into the
top of the digester. The flow of pulp {rom the digester is controlled by the blow
flow at the bottom. The digester has three zones: impregnation, cooking, and
washing. The dynamics that describe the material transport and the chemistry
in the digester is very complicated. The total residence time in the digester is
about 5 hours. An important control problem is the control of the chip level,
which is controlled hy the blow flow, The chip level signal is calculated from
three strain gauges by using a scheme developed by MoDo Chemetics. The
study reported here is a feasibility study made by Pulp and Paper Research
Institute of Canada {Paprican) and the pulp company MacMillan Bloedel in
Vancouver. The study has resulted in an adaptive controller for digester control
developed in cooperation between MoDo Chemetics in Vancouver and Paprican.
The commercial adaptive controller manipulates two inputs (blow flow and chip
meter) as indicated in Fig. 12.12; in the feasibility study, only the blow flow
was manipulated by the adaptive controller.

The industrial digester in the study produced 350 tons per day of kraft
pulp. Two grades, R and K, are manufactured. From identification experiments
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Figure 12.13 Autocovariance of the chip level under conventional and adap-
tive control. (With courtesy of Paprican.}

it was found that the digester can be described by the model
(1 +a1g N )Ay(E) = (bo + big™" + bog HAu(t = 2) + (L+c1g™" + cag ™ e(t)

where Ay(l) is the difference in level, Au(f) is the change in blow flow, and
e(t} is white noise. The sampling period is 5 minutes. The identification ex-
periments also indicated that it would be feasible to use fixed values of all
the parameters except the b;s. The adaptive controller will thus be able to
compensate for gain changes and changes in the time delay of the process. A
GPC algorithm with &, = 1, Ny = 1, and Ny = 15-20 is used (see Eq. 4.61).
Figuré 12.13 shows the autocovariance of the level when conventional PID
control and adaptive control were used. The chip level signal is essentially un-
correlated after three lags (15 minutes). The standard deviation of the level
decreased from 11.3% to 8.6%. This improvement of the chip level leads to
direct improvements in pulp quality. Table 12.1 shows permanganate number
{P-number), which is a standard laboratory test of the residual lignin in the
pulp. The P-number is closely related to the kappa number. The P-numbers
were measured on samples from the blow flow collected once every two hours.
For both grades (R and K) the average P-numbers are closer to the target
values, and the standard deviations are reduced.
In summary, the advantages of the adaptive controller are

« Reduction of chip level and P-number variability,
» Reduced need for operator intervention,
«+ Elimination of manual retuning, and
« Prediction of potential problems with hang-ups in the chip column.
The pulp digester study is an example of a special-purpose adaptive controller.

The process model is tailored to fit the specific application, and the parameters
can be related to physical parts of the system.
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Table 12.1 P-number variability under conventional and adaptive chip level
control. {With courtesy of Paprican.)

Controller Grade  Sctpoint  Mean  Std, dew. No days
Conventional R 23.0 22.2 2.086 23
K 21.0 199 1.91 6
Adaptive R 23.0 224 1.76 18
K

21.0 2086 L.70 7

Pulp digesters have alse been controlled by standard adaptive controllers,
One example is the Vallvik mill at Assi Domén in Sweden where Novatune
controllers in an ABB Master system are used extensively. Several Novalunes
are used to control temperatures, flows and levels. The system was instailed
and commisioned by the regular mill staff with a core team of two enthusiastic
engineers. The critical parameters in the Novatune were the sampling period
and the prediction horizon; these values had to be selected individuaily for each
application. Default values were used for the other parameters. The prediction
sampling period is typically chosen to be 60% to 90% of the dead time, the
predictions horizon is chosen as KD = 2 and the controller complexity as
NA = NB = NG = 3. The standard procedure is to run the controllers in
manual mode. The parameter estimation is switched on with restrictions on
the control action, which are gradually removed.

The experience with adaptive contrel has been very good. Control perfor-
mance is significantly better with adaptive control than with PID control. The
systems have not required much attention after installation. The reason for im-
proved performance is that tighter control is obtained with adaptive control.
Experiments at the plant indicated that there was a good correlation between
variations in chip level and the kappa-number. By introducing adaptive con-
trol of the chip level it was also possible to significantly reduce the variation in
the kappa-number. The standard deviation was reduced from 0.52 to 0.30. It
has also been observed that the adaptive controllers recover much faster from
large upsets than the systems used previously.

12.6 AUTOMOBILE CONTROL

Microprocessor-based engine control systems were introduced in the autome-
tive industry in the 1970s to address the demands of increased fuel economy
and reduced emissions. Early electronic control systems had modest appli-
cation. Today, the powertrain computer accomplishes a multitude of control
‘tasks, including vehicle speed or “cruise” control, idle speed regulation, auto-
matic transmission shift actuation, control of various emission-related systems,
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Figure 12.14 This Ford Mustang has state-of-the-art adaptive power train
controls. (With courtesy of Ford Motor Company.)

fuel control, and ignition timing, as well as many diagnostic functions. These
highly I/0 intensive systems must be cost effective and function acceptably in
many thousands of vehicles with attendant manufacturing variability over a
wide range of operating conditions.

Many of the control functions in automobiles are open-loop look-up table
oriented. Some automatic calibration methods have been developed to optimize
table entries with respect to fuel economy, constrained by emissions. Typical
closed-loop structures are comprised of individual operational loops, often PI
or PID, and may contain several feedforward paths that are designed to re-
ject measurable or predictable disturbances. Applications of adaptive control
concepts can be found in many of those powertrain control functions where on-
line self-tuning techniques are used to adjust controller parameters (in most
cases, the feedforward parameters) to compensate for component and operat-
ing condition variability. One such adaptive control structure is the air-fuel
ratio control method introduced by Ford in the mid-1980s to reduce sensitivity
to component variability and calibration inaceuracy. Figure 12.14 shows a car
with adaptive power train control.

Modern automobiles require precise control of air-fuel ratio to attain
high catalytic converter efficiency and minimize tailpipe emissions. Air-fuel
ratio control has two principal components: a closed-loop portion in which
the fuel injectors are regulated in response to a signal fed back through a
digital PI controller from an exhaust gas oxygen sensor located in the engine
exhaust stream, and an open-loop or feedforward portion in which fuel flow
is controlled in response to an estimate of the air charge entering the engine.
(Compare Section 9.5.) This open-loop portion of the control is particularly
important during engine transient when the inherent delay of the engine
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and exhaust system obviate the effectiveness of feedback, and during cold
engine operation before the exhaust gas uxygen sensor has reached operational
temperature., The purpose of the adaptive algorithm is to adjust the open-
loop feedforward gain to reduce deviation from stoichiometric air-fuel ratio
operation and improve emission performance under open- and closed-loop
operation. This is essentially a gain scheduling process in which an adaptive
multiplier is stored in a look-up table as a function of engine speed and load.
Initially, all the table entries are unity. As the engine operales throughout
its range, the appropriate cell values are increased or decreased to correct for
parametric changes or inaccuracies in the initial ealibration. In contrasi to
typical gain scheduling techniques, this adaptation is continuous throughout
the vehicle’s life.

Anocther application of adaptive control at Ford i in the area of auto-
motive speed control or “eruise” control. These systems must provide accept-
able sleady-state error, excellent disturbance rejection, unnoticeable throt-
tle movement, and must be robust to vehicle-tu-vehicle variability and op-
erating condition. An adaptive control design bascd ovn sensitivity analysis
and gradient methods has been used to continuously tune the gains of a
PI controller. This was accomplished by constructing a single quadratic cost
function and adjusting the proportional and inlegral control gains to min-
imize this function. Additional modifications, such as projection and dead-
band together with slow adaptation, were used te avoid parameter drift and
ensure robustness. In this manner, speed control performance is optimized
for individual vehicles and operating conditions providing improved perfor-
mance and reduced calibration effort compared to conventional fixed gain con-
trollers.

12.7 SHIP STEERING

A conventional autopilot for ship steering is based on the PID algorithm. Such
a controller has manual adjustment of the parameters of the PID controller
and often also a dead zone called weather adjust—a simple version of a
performance-related knob, Manual adjustments are necessary because the
dynamics of a ship vary with speed, trim, and loading. It is also useful tc
change the autopilot settings when disturbances in terms of wind, waves,
currents, and water depth are changed. Adjustment of an autopilot is a
burden on the crew. A poor adjustment results in unnecessarily high fuel
consumption. It is therefore of interest to have adaptive autopilots. A ship
steering autepilot, Steermaster 2000 from Kockum Sonics AB in Sweden,
and a roll damping equipment, Roll-Nix from SSPA Maritime Consulting
AB in Sweden and Hyde Marine Systems in Ohio, are described in this
section.
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Ship Steering Dynamics

Simple ship steering dynamics were presented in connection with the discus-
sion of gain scheduling in Section 9.5. That section detailed how the dynamics
vary with the velocity of the ship and showed how the variations could be re-
duced by gain scheduling. It has been shown by hydrodynamic theory that the
average increase in drag due to yawing and rudder motions can be approxi-

mately described by

% = k(p* + A7) {12.2)

where & is the drag and #? and 52 denote the mean square of heading error
and rudder angle amplitude, respectively. The parameters k and 1 will depend
on the ship and its operating conditions. The following numerical values are
typical for a tanker: )

kB =00l4deg ° A =1/12

It is thus natural 1o use the criterion

T
Vo %[D () - vyep)” + 28%(0)) at (12.3)

as a basis for the design and evaluation of autopilots for steady-state course
keeping. The disturbances acting on the system are due to wind, waves, and
currents. A detailed characierization of the disturbances and their effect on
the ship’s motion is difficult. In a linearized model, disturbances appear as
additive terma. It is common practice to describe them as random signals; the
waves have a narrow band spectrum. The center frequency and the amplitude
may vary significantly.

Autopilot Design

An autopilot has two main tasks: steady-state course keeping and turning.
Minimization of drag induced by the steering is the important factor in course
keeping, and steering precision is the important factor in turning. It is there-
fore natural to have a dual-mode operation. These two modes are deseribed in
the text that follows, together with the basic autopilot funetions.

The influcnce of variations in the speed of the ship is handled by gain
scheduling. The other disturbances are taken care of by feedback and adap-
tation. Implementation of the gain scheduling is discussed in Section 9.5. 1t
requires a measurcment of the forward velocity of the ship. If disturbances
are regarded as stochastic processes, steady-state course keeping can be de-
seribed as a linear quadratic Gaussian problem. It is then natural to estimate
an ARMAX model (Eq. 2.38). The particular process model used is

Ap(t) — ady(t — B) = 518(t — k) + ba8(t - 2h) + byd(t - 3h)
+e{t) + cre{t - ) 1 coe(t — 2h) (12.4)
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This model is built on Nomoto’s approximation (compare Section 9.5). The ad-
ditional b term was introduced to allow additional dynamics to be captured
as an increased time declay. The difference occurs because there is a pure in-
tegration in the model from ratle of turn to heading angle. A control law that
minimizes the criterion of Eq. (12.3) is then computed by wvsing the certainty
equivalence principle. This approach requires the solution of a Riccati equa-
tion, which can be done analytically in the particular case. A straightforward
minimum-variance contrel law was used in some early experiments, This was
replaced by the LQG control law described previously, because there were sig-
nificant advantages at ghort sampling intervals, which could not be used with
the minimum-variance control law. The sampling interval in the model is set
during commissioning.

Turning Controller

The major concern in turning 18 to keep tight control of the motion of the ship,
even at the expense of rudder motions. For high turning rates the dynamics
of many ships are nonlinear. The normal course-keeping controller can handle
small changes in heading, but it cannot handle large maneuvers because of the
nenlinearities discussed previously. A special turning controller was therefore
designed. The comtroller is & high-gain controller in which the feedback is of
PID type. {Compare Fig. 1.3.) Appropriate PID parameters are determined
during commissioning. The model used is nonlinear. It is designed so that the
command signal is turning radius. The turning rate is thus r = «/R, where u
is the speed of the ship and R is the turning radius.

Human-Machine Interface

The fact that turning radius is used as a command signal instead of turning
rate simplifies maneuvering considerably, because it is easy to determine an
appropriate turning radius from the chart. It also impreves path following,
since the speed of the ship may change during a turn. Thig is then compensated
for automatically. The man-machine interface is very simple. There is one
joystick to increase and decrease the heading. An optional joystick provides
override control: whenever this is moved, it gives direct control of the rudder
angle. Control can be transferred to the autopilot hy a reset button. In making
a turn, the desired turning radins is set by increase-decrcase buttons. The turn
is initiated when the joystick is moved to the new desired course. The turmn is
then executed, and the ship turns until the desired course is reached. The
fixed-gain controller is used during the turn, and the adaptive course-keeping
controller is initiated when the turn is complete.

There are no adjustments on the course-keeping controller; everything is
handled adaptively. Some default values are set during commissioning, but
the fixed-gain controller can be activated when the opcrator pushes a switch
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labeled fixed control. This is typically used when there are heavy waves coming
from behind (called a quartering sea}. This condition makes steering difficult
because the effective rudder forces are small and the disturbing wave forces
are large.

Operationa) Experiences

Rarly versions of the autopilot were ficld-tested in 1973, and the product
was announced in 1979. The produet is used in variouns kinds of ships. One
installation, in a ferry that navigates between Stockhelm and Helsinki, has
been in continuwus operation since 1980, [t uses adaptive control all the time.
The ability to cope with large variations in speed has been found to be very
useful, and the turning radius feature is particularly useful for navigation in
archipelagoes, where a lot of maneuvering is necessary. Figure 1.24 indicates the
improvements in course-keeping that can be ohtained through adaplation. The
decreased drag with the data shown in the figure corresponds to a reduction
in fuel consumption of 2.7%.

Rudder Roll Damping System

On many ships it is desirable to reduce the rolling motion. Conventional
roll damping systems on large naval ships use active fins or active as

Wind
Waves
’ Currents
; Rudder
T
Rudder
command Speed
Roll-Nix | Coursc
Adaptive Kalman filter |-
Adaptive autepilot -t |
Turning regulator r~ Roll rate
Adaptive roll damping [

* Course set-point

Figure 12,15 Block diagram of the Roll-Nix roll damping system. (With
courtasy of SSPA Maritime Consulting AB.)
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well as passive tanks. These systems are expensive to install, especially for
retrofits. A third approach to roll damping is to use the rudder for roll damp-
ing as well as for maneuvering, High-frequency movements of the rudder
damp the rolling without influencing the mean vulue ol the heading of the
ship. Such a system can be inexpensive, since it can easily be connected
to the ordinary steering system. One such system, Roll-Nix, has been de-
veloped by SSPA Maritime Consulting in Gothenburg, Sweden. The system
is also marketed by Hyde Marine Systems in Cleveland. Ohio. A block di-
agram of the system is shown in Fig. 12.15. Roll-Nix includes an adaptive
Kalman filler, an adaptive course-keeping autopilot (optional), a high-gain
turning controtler {optional), and an adaptive roil dimping controller. The
first three parts are similar to those described for the Steermaster 2000 au-
topilot.

The system uscs a roll rate sensor together with course gyre and speed
log to determine rudder commands that are superimposed on the ordinary
autopilot commands and fed into the steering engine. The eperating principle
iz that the roll movements created by the rudder are opposite those of the
roll movements caused by the waves. These counteractive moves damp the roll
motions of the ship. In designing the roll damping system it is important to
have quick rudder motions. Slow and large motions will influence the course
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Figure 12.16 Results from sea trials with an attack craft at 27 koots and
slern quartering seas {4 Beaufort): (u} without Roll-Nix; (b) with Roli-Nix.
The significant roll angle was reduced by 58%, and the maximum roll angle
wag reduced by 53%. {With courtesy of SSPA Maritime Consulting AR.)
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keeping. The Roll-Nix system is provided with an autepilot as an option, The
adaptive feature of the toll damping system is necessary to handle different
weather conditions and ship speed. The Kalman filter is used to obtain an
accurate roll motion signal from ihe measured roil rate.

Roll-Nix has been tested on several types of ships. For instance, the system
has been tested on two Royal Swedish Navy ships: one attack craft and one
mine layer. The sea trials show that a significant roll reduction of 45-60% can
be obtained for both the standard deviation and the maximum angle of the
roll. The result from a sea trial with an attack eraft is shown in Fig. 12.16.
The roll reduction increases with increasing speed and rudder rates. Tests
were also done on the mine layer HMS Carlskrona in September 1987. The
following quote from the captain, Commander Hallin, gives an illustration of
the performance of the system.

This particular occasion was when the ship was off the Dutch coast,
hound for Helder, with seas coming in from astern on the port quarter.
I was resiing in my cabin. The time was 04.00 hrs. Suddenly I sensed
that the ship had started to roll perceptibly, and I wondered what
was going on. At once, I went up on deck and asked the officer of the
watch what on earth was happening, and what the reason was for this
sudden increase in the ship's rolling motion. I was surprised to roceive
the reply, “We have just switched off the Roll-Nix. We need to have
some data without Roll-Nix working, to see how much damping can be
achieved.” I think that that is the most illustrative experience I have
had of the Roll-Nix system to date.

12.8 ULTRAFILTRATION

Patients with little or no renal function need some form of artificial blood
purification to stay alive. In dialysis the blood is cleansed of waste products
and excess water, and the electrolytes in the blood are normalized. More than
350,000 patients all over the world undergo this treatment a couple of times a
week. In its most common form, hemodialysis, the blood flows past a semiper-
meable memhrane with a suitably composed dialysis fluid on the other side.
Because of the large number of different dialyzers that are on the market, the
control algorithm in the dialysis machine must be able to handle 2 wide span
in process gain and other process characteristics.

An adaptive pole placement controller has been used in the fluid control
monitor {FCM) developed by Gambro AB in Lund, Sweden. The system has
been in use for many years and it has performed very well. This is probably
one of the most widely used adaptive controllers in the world today. In this
section we describe the system.



12.8 Ultrafiltration 534

Salt Bubble chamber
i( P1 7 Dialyzer
Water - - .
Bioud
P2
--——R——@f ]
DFM FCM

Figure 12.17 Schematic diagram of a dialysis system.

Process Description

A schematic view of the Gambro AK-10 dialysis system is shown in Fig. 12.17.
Only the parts that are relevant to flow and pressure control are shown in
detail. Clean water is heated to around 37°C, and salt is added to physiological
concentration. A pressure drop in the restrictor is created by the first pump
to degas the solution. The restrictor and the first pump (P1) determine the
flow into the dialyzer. Because of the compressibility of the air in the bubble
chamber, flow changes to the dialyzer will be slowed down by a time constant.

After passing a few measuring devices and a valve, the fluid leaves the
dialysis fluid monitor (DFM) and passes the first flow-measuring channel of
the FCM before entering the dialyzer. Before returning to the DFM, the second
measuring channel of the FCM is passed. In the DFM a few more measuring
devices and valves are passed before the second pump (P2). A restrictor is
placed on the outlet to allow positive pressures in the dialyzer.

To maintain a specified transmembrane pressure, the DFM has a control
system that is based on a conventional fixed-gain digital PI controller. (See the
bloek diagram in Fig. 12.18.) This controller has a sampling period of 0.16 s and
an integration time of about 30 s. The purpose of the fluid control medule is to
control weight logs during the treatment. This is done by the external control
loop shown in Fig. 12,18, which has the flow difference @ as the measured
variable and the setpoint to the pressure controller p. as the confrol variable.

Process Dynamics

The dialyzer dynamics can be approximately described by the model
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Figure 12.18 Black diagram of the system for contrelling transmembrane
pressure p and the flow difference € control system.

where p is the transmembrane pressure and €, is the net fluid flow from the
dialyzer. The constant C is the compliance. Parameter B, which represents the
static gain, may, for example, vary from 1.6-107"% to 120- 10712 (m® s ! Pa™"),
that is, a gain variation by a factor of 75.

The complele dynamics of the pressure loop can be approximately described
as a second-order transfer function. It has one pole associated with the dy-
namics of the ultrafiltration and another associated with the pressure control
system. The PI controller is tuned conservatively so that both poles are real.
The dominating time constant is 30-50 s. The transfer funetion from the pres-
sure setpoint to the flow @, then also has the same poles, but it also has a
zero corresponding to the poles = — B/C of the ultrafiltration (see Fig. 12.18).
This zero can change significantly with the type of dialysis filter used. A con-
sequence is that there is a drastic difference in the dynamics obtained for
different filters.

The main function of the system is to contro} the total water removal V
during the treatment. The water removal is given by

dv
a 0 (12.5)

An Earlier Control System

An earlier system used a PI controller in the outer loop. Because of the large
gain variations, it was necessary to use a conservative setting with low gain.
This resulted in very sluggish control of the weight loss. Experiments with
various simple forms of gain adjustment did not solve the problem and it was
decided to test if an adaptive controller was feasible.
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Adaptive Control

The adaptive controller was designed as an indirect adaptive pole placement
algorithm.

Parameter Estimation. The dynamics can be expected to he of third crder,
representing the dynamics of the pressure loop and the dynamics of the filier
introduced to filter the flow signal. This filter has a time constant of about 30 s,
Esperiments with system identification indicated, however, that data could be
fitted adequately by

Qr(t) = aQplt —R) + bip.(t — h) + bapc{t - 2h) (12.6)

where §; is the filtration flow and p, is the setpoint of the pressure loop. This
model represents first-order dynamics with a time delay. A sampling interval of
5 8 was found to be suitable. The parameter estimation was made on differences
to avoid problems with a constant level in the signals.

The estimated steady-state gain is an important parameter. With a low
estimated gain, the gain in the controller will be large. It is therefore advanta-
geous to have the sum of the b parameters as one of the estimated parameters

so that it is easy to set a lower limil to the estimated gain. This has been done
in the FCM by using the regression vector

(@r® pty pt)-pte-h))

instead of
(@@ pt) pte-m)

If the estimated gain becomes too small, the estimate is stopped at the limit.

A constant forgetting factor of 0.999 is used to track slowly time-varying
parameters. To improve numerics, only the diagonal elements of the covariance
matrix P are divided by this facter. It is well known that the eguation for
P(?) may be sensitive to numerical precision when a forgetting factor is used.
This is hecause the eigenvalues of the P-matrix may be widely separated.
Several methods to handle this problem were described in Chapter 11 and in
the discussion of the ABB adaptive controller and Firstloop in this chapter. In
this case the problem was avoided by careful scaling, and an ordinary recursive
least-squares method could be used.

Control Design. A conventional pole placement algorithm and a design that
guarantees integral action were used. (See Section 3.6.) Several factors influ-
ence the choice of desired closed-loop poles. If a smooth control is desired in the
steady state, the speed of setpoint changes should not be set too high. Second,
the first step response at startup must not be guicker than the time required
to get a reasonable model. A reasonable response time in accumulated flow is
one hour. The other closed-loop poles, which correspond to flow changes, were
specified by time constants of 25 &, 15 5, and 15 s,
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The controller can be reparameterized to correspond to a PID contreller
with a filtered derivative part. The structure was chosen so that the controller
corresponds to a diserete-time PID controlier in which the reference signal
enters only the P and 7 parts. This corresponds to § = 1 in Eq. (8.3) in
Chapter 8. A possible common factor in the estimated meodel was canceled
before entering the design calculations.

Special Design Considerations

Control of fluid removal during dialysis has a direct influence on the patient’s
well-being. This imposes heavy demands on the control system. Several safety
features have been included. Smooth performance from the first moment of
control is essential. This can be achieved by a careful choice of certain param-
eters, as we discuss next.

Filtering. The measured flow signal is corrupted by measurement noise. Since
a new value is available every second, it is possible to filter the signal. With
a sampling period for control of 5 s, it was found to be suitable to use a first-
order filter with a time constant of 30 s to filter flow and accumulated flow
before using the values in the control algorithm. This smooths the control
signal considerably without preventing fairly quick setpoint changes.

Limits on Setpoint Changes. Both the absolute level and the rates of setpoint
changes were limited on the basis of physical constraints. The FPID controller
was provided with conventional anti-windup protection to avoid problems with
saturation. Parameter updating is also interrupted when the pressure setpoint
is kept constant at a limit. At startup, when the mode} parameters may be far
from their best values, it is also wise to prevent the control algorithm from
changing the control signal (i.e., the pressure setpoint) too rapidly. The rate
limit on the pressure setpoint prevents this; experience has shown that this
lirgit is hit only rarely.

Startup. A critical moment for an adaptive controller is the start, before the
model parameters have been accurately estimated. It was reguired that its
step response be almost perfect from the beginning. For this reason, most
of the development time was spent in adjusting the parameters to ensure a
amooth start. The following parameters were then found te be important:

» Initial values of the parameter estimates,

« Initial values of the covariance matrix P,

+ The desired closed-loop poles,

« The time allowed for signals to settle before estimation and control starts,
« Limits on the estimated parameters (especially the static gain), and

« The limit on control changes (and control).

The initial values of the parameter estimates are importaht, since they deter-
mine the initial controller parameters. They were chosen to model a high-gain
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dialyzer, with an extra time delay, to give a cautious Jow-gain controller. This
is perfect for a highly permeable (i.e., high-gain) membrane, bul for normal
membranes. the pressure changes will be toe small, a situation that is soon
detected by the parameter estimator.

It is important to chocse the P matrix carefully. This determines the
speed of parameter estimation. Valueg of P that are too large will make the
estimates noisy, and there is a risk that the estimates may temporarily give
bad controllers. Also, a value of P that is teo large can guickly eliminate the
carefully chosen initial parameters in the estimator. With values of P that are
too small the time needed to find a good model can be very long, a situaticn
that is not at all acceptable.

It was found to be advantageous to introduce a lower bound on the esii-
mated gain in the model. With low-gain dialyzers there would otherwise be a
tendency for the estimator to decrease the gain estimate too much, and the
controller gain would be too high for a while. A suitable limit for the model
gain eould be determined from the known data of existing dialyzers. To facil-
itate the checking of the estimated gain, a special form of the process model
was used. The estimated pole was also bounded away from a pure integrator,
since this pole enters the expression for the gain limit.

The limit on the setpeint changes also helps to ensure a smooth startup.
The desired closed-loop poles are important design parameters. The equivalent
time constants should be chosen to be long encugh to give the estimator time
to find a good mode! before the setpoint is approached for the first time. They
should also be as short as possible te give a rapid response to setpoint changes.
The equivalent time constants of the closed-loop systems were chosen Lo be 720,
five, and three sample intervals, which correspond to 1 hour, 25 s, and 15 s,
respectively. Without the requirement of a smooth startup it would have been
possible to speed up the desired closed-loop dynamies considerably. However,
setpoint changes are not very frequent, and smooth startup is much more
important than rapid setpoint changes.

If by chance the desired pregssure were already set at startup, there would
be no pressure change that would help to improve the estimates of model
parameters. Therefore there iz a period of forced small pressure changes for
the first eight minutes after a reset. This is accomplished by periodic changes
of the setpoint every 45 s.

With an adaptive contreller it is very important to ensure that the es-
timated model is never destroyed. Therefore the estimator should always be
given true values for control and measured signals. If for some reason, such
as an alarm situation causing the DFM to bypass the dialysis fluid, the con-
trol signal is not allowed to do its job, the estimator must be turned off. The
controller wil}l then use the old estimates for a while.

After all such breaks and at startup, a settling peried is allowed, during
which correct signals are entered into all the vectors but no estimation is
done. This settling period is very impertant, especially at startup, when the
estimates are most sensitive to changes in the signals. Errors in the signals
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also force the P-matrix 1o decrense rapidly, so future learning is slowed down
considerably.

Afarms. Appropriate alarms are an important part of any useful control sys-
tem. An alarm indicates if the voluome control error is too large and also if
something is wrong in the dialysis flurd menitor or with the pipes. If there
is a stop in the blood pipe from the dialyzer to the drip chamber, the blood
pressure within the dialyzer will rise, causing a large ultrafiltration rate and
minimized pressure. The alarm in the FCM will then cause the DFM to enter
a patient-safe condition.

Operational Experience

1t has been possible to use the algorithm to handle wltrafiltration control
for all kinds of dialyzers that are available today. Treatment modes such as
single-needle or double-needle treatment or sequential dialysis with periods of
isolated ultrafiltration have been tested. Dialyzers with variations in values of
B by a factor of 75 have been tested in the laboratory without any problems.
After a period of approximately five months of clinical trials at several clinics,
full-scale production started in the autumn of 1986. Over 11,000 units had been
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Figure 12.19 Adaptive control of a dialysis system. Responscs in differen-

tial flow @, (=olid lina) and transmembrane pressure p to step changes in the

setpoint @, (dashed line) for a plate membrane. The adaptive control starts
ai ¢ = 6. (With courtesy of Gambro AB.)
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delivered as of December 1993. Since every machine may be used in several
hundred treatments each year, there is now extensive practical experience with
this algorithm, which seems to work well under all kinds of conditions,

Figure 12.19 shows responses in differential flow €, to step changes in the
setpoint ;. when the system is under adaptive control. The pressure p is also
shown. Despite the noisy flow measurement, Lhe response of the closed-loop
gystem is very good.

12,9 CONCLUSIONS

In this chapter we have tried to give an idea of how adaptive techniques are
used in real control systems. A few general observations can be made.

Although there are many applications of adaptive control, it is clear that
adaptive control is not a mature technology. The techniques were introduced
in products in the early 1980s. Those in usc today are mostly first-generation
products; there are second-generation products in only a few cases,

The description of the products and the real applications show clearly that
althangh the key principles are straightforward, many “fixes” must be done to
mzke the sysiem work well under all possible operating conditions. The need
for safety nets, safety jackets, or supervision logic is not specific to adaptive
control. Similar precautions must be taken in all real control systems, but since
adaptive control systems are complex to start with, the safety nets that are
required can be guite elaborate.

The examples clearly show that adaptive systems are not black box solu-
tions that are a panacea. Rather, adaptive methods arc useful in eombination
with other control design methods. Both in the rolling mill example and in the
ship steering autopilot, adaptation was combined with gain scheduling. An-
other example is the use of a feedforward signal in the pulp dryer to improve
the adaptation transient. _

A third observation is that the human-machine interface is very important,
A fourth observation is thal some operaling conditions are not conveniently
handled by adaptive conirol. One example is the behavior of ship steering
auntopilots in a quartering sea.

There are unguestionably many different adaptive techniques, but so far,
only a few of them have been used in industrial products. In many cases the
choices have not been made by comparing several alternatives; one method
has been chasen quite arbitrarily. This means that many allernatives have not
been tried.

The computing power that is available has a significant influence on the
type of control algorithms that can conveniently be implemented. The sim-
ple auto-tuners use simple 8-bit microprocessors, whereas some of the more
advanced systems use full 32-bit architecture. In most process control applica-
tions there are no problems with computing time. The rolling mill applications,
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on ithe other hand, are quite demanding. The computing power that is avail-

able also has a significant impact on what human-machine interface ¢an be
implemented.

The applications also indicate the importance of the safety metwork. It
is of interest to see the facilities provided in the toolbox and the specific
solutions used in the dedicated systems. It is clearly much simpler to design
a safety network for a dedicated system, in which good parameter bounds can
be established.

The applications described in this chapter and elsewhere indicate that
there are three cases in which it is very useful to uee adaptive control:

« When the system has long time delays,
« When feedforward can be used, and
» When the character of the disturbances is changing.

In all these cases it is necessary to have a model of the process or the dis-
turbances to effectively control the system. It is then beneficial to be able to
estimate a model and to adapt to changes in the process.
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CHAPTER 13

PERSPECTIVES ON
ADAPTIVE CONTROL

13.1 INTRODUCTION

In this final chapter we attempt to give some perspective on the field of adaptive
control. This is important but difficult because the field is in rapid development.
The starting point is a short discussion of some closely related areas that are
not covered in the book. These include adaptive signal processing in Sectiol
13.2 and extremurm control in Section 13.3. Particular attention is given to the
field of adaptive signal processing, in which a cruss-fertilization with adaptive
control appears particularly natural.

Adaptive regulators and auto-tuning have complementary properties. Auto-
tuners require very little prior information and give a robust ballpark estimate
of gross system properties. Adaptive regulators require more prior knowledge,
but they can give systems with much improved performance. It thus seems
natural to combine auto-tuning with adaptive control in systems that combine
several algorithms. Apart from alporithms for control, estimation, and design,
it may also be useful to include supervision. It seems logical to use an expert
system to monitor and control the operation of such & system. Systems of this
type have been called expert control systems and are briefly discussed in Sec-
tion 13.4, The use of expert systems also provides a natural way to separate
algorithms from logic that occurs in all control systems.

Adaptation is related to learning; in Section 13.5 we discuss some early
uses of learning in control systems and how it is related to adaptive control
as we now understand it. In Section 13.6 we attempt to speculate on future
directions in the theory and practice of adaptive conirol.
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13.2 ADAPTIVE SIGNAL PROCESSING

Automatic control and signal processing have strong similarities; similar math-
ematical models and 1echniques are used in the two flelds. However, there are
also some significant differences. The time scales can be different. Signal pro-
cessing often deals with rapidly varying signals, as in acoustics, in which sam-
pling rates of tens of kilohertz are needed. Tn control applications it is often
{hut not always} possible to work with much slower sampling rates.

A more significant difference is that time delays play a minor role in sig-
nal processing. It is often permissible to delay a sipnal without any noticeable
difficulty. Because control systems deal with feedback, even small time delays
can result in drastie deterioration in performance. A third difference is in the
industrial markets for the technologies. In signal processing, there are some
standard problems that have a mass market, as in the field of telecommunica-
tions. The control market iz more diversified and fragmented. Adaptive control
is used to design control systems that work well in an unknown or changing
environment. The cnvironment is represented by proccss dynamics and dis-
turbance signals. Adaptive signal processing is used to process signals whose
characteristics are unknuwn or changing. More emphasis is given in signal
processing to fast algorithms, Although there have been attempts to bring the
fields closer together, much more effort is needed in this direction. To illustrate
this, we wilt describe a few typical adaptive zignal processing problems.

Prediction, Filtering, and Smoothing

Prediction, filtering, and smoothing are typical signal processing problems,
which can all be described as follows: Given two signals x and y and a filter
F, determine the filler such that the signals y and § = Fx are ag close as
possible. The problem can be illustrated by the block diagram in Fig. 13.1. In
a typical case we have

x(t) = s{t) + v(t) and y(#) = s(t +7)

where s is the signal of interest and v is some undesirable disturbance. The
problem is called smoothing if T < 0, filtering if t =0, and prediction if r > 0.
Solutions to such problems are well known for signals with known spectra and
quadratic criteria. The corresponding adaptive problems are obtained when the

y i
x y €
——t  Filter Lo S |

Figure 13.1 [lllustration of filtering, prediction, and smoothing.
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Figure 13.2 (a) An adaptive system for filtering, prediction, or smoathing
and (b} its simplified representation.

signal properties are not known. All recursive parameter estimation methods
can be applied to the adaptive signal processing problems. This is illustrated in
Fig. 13.2, which gives a typical adaptive solution. The adjustment mechanism
can be any recursive parameter estimator. The details depend on the struc-

ture of the filter and the particular estimation method chosen. An example
illustrates the idea.

EXAMPLE 13.1  Output error parameter estimation

Assume that the filter is represented as an ordinary pulse transfer function

bzl bz P4 by

Fiz)

P+ aztl+ -t a,

To obtain a recursive estimator, the parameter vector

8= [a1 c.oan by ... b ]
and the regression vector
o(t—1) = Lﬁ@—l}_.—ﬁ&—n)x@—n ”.foM]
are intreduced. The error is then given by
£it) = y(6) - 3it) = ¥(6) - @7t — 1)t 1)
and the equation for updating the estimate is

Aty = 8t - 1) + Pt)p(t — De(t) 0

The special case of Example 13.1, obtained when the filter is an FIR filter
and a gradient parameter estimation scheme is used, is particularly simple.
This is the LMS aigorithm.
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Driver's micraphonc
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Figure 13.3 Use of an aduptive filter for adaptive noise cancellation.

Block Diagram Representation

The block diagram in Fig. 13.2 represents a solution to a generic signal pro-
cessing problem. To make it easy to build large systems, it is cenvenient to
consider this module as a building block that can be used for many different
purposes. This is simpler if a proper representation is used. For that purpose
it is convenient to represent the module as a‘block that receives signals x and
v and delivers estimates ¥ and 8. Such a representation, shown in Fig. 13.2(h),
makes it possible to describe aeveral adaptive signal processing problems.

Adaptive Noise Cancellation

Consider the situation of a mobile telephone in a car where there is a consider-
able ambieni. noise. Assume that two microphones are used. One is directional
and picks up the driver’s voice corrupted by noise; the other is directed away
from the driver and picks up mostly the ambient noise. By connecting the mi-
crophones to an adaptive filter as shown in Fig. 13.3, it is possible to obtain
a signal that is considerably improved. Removal of power frequency hum from
measurement signals is another application at adaptive noise cancellation,

Adaptive Differential Pulse Code Modulation {ADPCM)

Digital signal transmissicn is becoming important because of the rapid de-
velopment of new hardware. Its use in ordinary telephone communication is
increasing. Pulse code modulaiion (PCM} is the standard methed for convert-
ing analog signals to digital form. The analog signal is filtered and digitized by
using an analog-to-digital (A-D) converter. The digitized signal is then trans-
mitted in serial form. If the A-D converter has B bits and thc sampling is
f Hz, the transmission rate required is fB bits/s. For standard voice signals,
a sampling rate of & kHz is typically used. A resolution of 12 bits in the A-D
converter is required to get good-quality transmission. The bit rate required is
thus 96 kbit/s. By having an A-D converter with a nonlinear characteristic it
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Figure 134 Block diagram of a differential pulse code modulation {DPCM}
systom.

is possible to reduce the bit rate to 64 kbit/s, which is the standard for digital
voice transmission,

It is highly desirable te reduce the transmission rate, becausc more com-
munication channels are then obtained with the same transmission equipment.
The bit rate can be reduced significantly by using differential pulse code mod-
ulation (DPCM). In this technique the innovations of the signal are computed
as ¢ = y 7, where ¥ is generated by filtering the innovations through a pre-
dictive filter. Only the innovations are transmitted (see Fig. 13.4). The receiver
has a prediction filter with the game characteristies as the filter in the sender.
The signal 7 can then be reconstructed in the recciver. The bit rate that is
required is reduced significantly because fewer bits are required to represent
the residual. It has been shown that for voice signals, a resolution of 4 bits is
sufficient. This means that the bit rate required for the transmission can be
reduced from 64 kbit to 32 kbit.

The prediction filter depends on the character of the transmitted signal.
Substantial research into the characterization of speech has shown that it
can be well predicted by linear filters. However, the properties of the filter
will change with the particular sound that is spoken. To predict speech well,
it is thus necessary to make the filters adaptive. The transmission scheme
obtained is then called adaptive differential pulse code modulation (ADPCM).
Such a scheme, which uses an adaptive filter based on the output error method,
is shown in Fig. 13.5. Notice that the adaptive filters at the transmitter and
the receiver are driven by the residual only. If the filters in the receiver and
the transmitter are identical, the filter parameters will automatically be the
same. The adaptive filters have therefore been standardized by CCITT (Comité
Consultatif Internationale de Télégraphigue et Téléphonigue). The filter thal is
used has the transfer function

buz5 + b124 + o+ b5
242 + mz + ap)

H(z) =

The regression vector associated with the output error estimation is

elt) = [—x(t) —x(t-1) e(t) ... (,,{,:,.5)]
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Figure 13.5 Block diagram of an adaptive differential pulse eode modula-
tien system.

and the associated parameter vector is

f = [111 a9 bg b5]
The standard least-squares estimator is of the form
Bt + 1) = 8(¢) + P(t + De@)elt +1)

Several drastic modifications are made to simplify the calculations. A constant
value of the gain is uged. The multiplication is avoided by just using the signs
of the signals. Leakage is also added to make sure that the cstimator is stable,
The updating of the parameters b; is then given by the sign-sign algorithm

Bilt) = (1—275) bi(e) + 277 sign (e(t — 1)) sign (e(t)) (13.1)

Similar approximations are made in the other equations. The computations
in Eq. (13.1) are very simple, They can be done by shifts and the addition
of a few bits, which can be accoraplished with a small VLSI circuit. The
CCITT ADCPM standard was achieved after significant experimentation. It
is a good example of how drastic simplifications can be made with good
engineering,

13.3 EXTREMUM CONTROL

The control strategies that have been discussed in the book have mainly been
such that the reference value is assumed to be given. The reference value is of-
ten easily determined. It can be the desired altitude of an airplane, the desired
concentration of a product, or the thickness at the cutput of a relling mill. On
other occasions it can be more difficult to find the suitable reference value or
the best operating point of a process. For instance, the fuel consumption of a
car depends, among other things, on the ignition angle. The mileage of the car



133 Extremum Controd 551

Setpeoint Search
algarithm

Performuance

Y

Regulator | Process

Figure 13.6 A simplified block diagram of an extremum control system.

can be improved by a proper adjustment, but the efficiency will depend on such
conditions as the condition of the road and the load of the car. To maintain the
optimal efficiency, it is necessary to change the ignition angle.

Tracking a varying maxgimum or minimum is called extremum conirol. The
static response curve relating the inputs and the outputs in an extremum
control system is nonlinear. The task of the controller is to {ind the optimum
operating point and to track it if it is varying. Several processes have this kind
of behavior. Control of the air-fuel ratio of combustion is one example. The
optimum will change, for instance, with temperature and fuel quality. Another
example is water turbines of the Kaplan type, in which the biade angle of
the turbine is changed to give maximum ocutput power. The same problem is
encountered in wind power plants, in which pitch angle is changed depending
on wind speed.

Extremum control is related to optimization techniques; many of the ideas
have bheen transferred from numerical optimization. There was great interest
in extremum control in the 19505 and 1960s, and some commercial products
were put on the market. For instance, the first computer control systems in-
stalled in the process industry were motivated by the possibility of optimizing
the setpoints of the controllers. The interest then declined, partly because of
the difficulty of implementing the optimizing controllers. Furthermaore, there is
great difficulty in finding appropriate process models. Developments in comput-
ers have led to a renewed interest in extremum control and its combination
with adaptive control, Improved efficiency of the process can result in large
savings in the energy and raw material costs.

Figure 13.8 shows a simplified block diagram of an extremum control
system. The process can work in open loop or in closed loop, as in the figure.
The most important feature is that the process is assumed to be nonlinear in
the sense that at least the performance is a nonlinear function of the reference
signal, The goal of the search algorithm is to keep the outpul as close as
possible to the extremum despite changes in the process or the influence of
disturbances. The output used in the search algorithm is some measurement
of the performance of the system—for instance, efficiency. The conventional
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regulator can also use this signal, but it is moere common for the regulator to
use some other output of the process.

Models

Extremum control systems are, by necessity, nonlinear. How the processes are
modeled is therefore all-important. Many investigations of extremum control
systems assume that the systems are static. This assumption can be justified
if the time between the changes in the reference value is sufficiently leng.
For static systems it is possible to use many of the metheds from numerical
optimization. A typical description of the process is

¥{t) = flult),6,8) (13.2)

where [ is a nonlinear function and @ is a vector of unknown parameters that
may change with time.

If there are dynamics in the process, the performance may not have settled
at a new steady-state value before the next measurement is taken. This will
give an interaction in the control system that can be difficult to handle. The
dynamic influence will increase the complexity considerably.

In many applications il is not easy to find the appropriate models and to
determine the exact nature of the nonlinearities involved. It can therefore be
appropriate to combine adaptivity and extremum control. One way to simplify
the identification of an unknown nonlinear model is to assume that the process
can he divided into onc nonlinear static part and one linear dynamic part.
Models with different properties are obtained if the nonlinearity precedes or
follows the linear part. The complexity of the problem will also depend on
which of the variables in the process can be measured. One special type of
model that has been used in extremum control systems is the Hammerstein
model. A typical discerete-time model of this type is

Alg)y(t) = Blg)f () (13.3)

where f is a nonlinear function, typically a polynomial.

The main effect of an input nonlinearity is that it restriets the possible
input values for the linear part. The nonlinear control problem can then be
treated as a linear conirol problem with input constraints. The case with the
cutput nonlinearity perhaps leads to more realistic problems but is also more
difficult to solve.

Extremum Control of Static Systems

The first extremum control systems were based on analog implementation. One
way to perform the optimization is the so-called perturbation method. The basic
idea is to add a known time-varying signal to the input of the nonlinearity,
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then observe the effect on the cuiput and make a correlation between these
two signals. Depending on the phase between the two signals, the direction
toward the extremum can be determined. The perturbation method has been
used for extremum control of chemical reactors, combustion engines, and gas
furnaces, for instance.

Extremum conirol of static systems as in Eq. (13.2) is in essence a problem
of numerical optimization. With the analog implementations the possible meth-
ods were severely restricted. When a digital computer is available, standard
algorithms for function minimization can be used. Usually, it is possible enly to
measure the function values, not its derivative. The function minimization then
has to be done by using numerically computed derivatives. Some methods use
only function comparisons. These methods can be used even for minimization
of nonsmooth functions,

Performance measurements are typically corrupted by noise. It is then
necessary to average out the influence of the noise. This implies that the gain
in the optimization algorithm should go to zere. However, if the extremum is
changing with time, the gain should not go to zero. This is the same compromise
as is discussed in connection with tuning and adaptive control.

Maost schemes for extremum control of static systems do not build up any in-
formation about the nomlinearity. The “states” of the algorithms are essentially
the current eatimate of the optimum point and some previous measurements.
By using a model and system identification it is possible to utilize the mea-
surements of the system better and to follow time variations in the process.

Extremum Control of Dynamic Systems

If there are dynamies in the process, it is necessary to take this into considera-
tion in doing Lthe optimization. The correlation and interaction between differ-
ent measurements of the performance will otherwise confuse the optimization
routine, One possibility, discussed previously, is W wait until the transients
have vanished before the next change is made. Of course, this will increase
the convergence time, especially if the process has long time constants, One
way around the problem is to base the optimization on nonlinear dynamic mod-
els. An example is the Hammerstein model. A model of this type with an input
nonlinearity of second order 1s

Alg)y(2) = bo + Bu(ghu(t) + Ba(gu’ () + Clg)e(t) (13 4)

The main reason for the popularity of the Hammerstein model is not that it is
a good picture of the reality, but rather that it is linear in the parameters. The
parameters can be estimated, for example, by using recursive least squares.
The static response between the input and the output is given by

A(l]y(] = b[) T+ Bl(l)ug + Bg(l)!.tﬁ
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The methods for static optimization discussed previously can now be used. Also
note that the gradients and the Hessian are easily computed, a feature that
will speed up the convergence.

Conclusions

The field of extremum control is far from mature. Qune crucial point is the
modeling of the processes and the nonlinearities. It is generally very difficult
to analyze nonlinear control problems and to derive optimal controllers, espe-
cially if there are stochastic disturbances acting on the system. The extremuim
control problem also has connections with the dual control problem discussed
in Chapter 7. Extremum-secking methods combined with adaptive control are
of great practical interest, since even small improvements in the performance
can lead to lurge savings in raw material and energy consumption. There are
commereial extremum controllers,

13.4 EXPERT CONTROL SYSTEMS

All practical control systems contain heuristics. This appears as logic around
the basic control algorithm, Adaptive systems have a lot of heuristics in the
safety logic. Expert systems offer an interesting possibility of structuring the
logic in a control system. If a good way to handle heuristic logic is available,
it is also possible to introduce more complex contro) systems that contain sev-
eral different algorithms. For example, it is possible to combine auto-tuners
and adaptive algorithms that have complementary properties. The auto-tuner
requires little prior informaticn; it is very robust and can generate good param-
eters for a simple control law. Adaptive regulators can be more complex, with
potentially better performance. Since they are based on local gradient proce-
dures, they can adjust the regulator parameters to give a closed-loop system
with very good performance, provided that reasonably good a priori guesses of
system order, sampling period, and parameters are given. The algorithms will
not work if the prior guesses are too far off. With poor prior data they may
even give unstable closed-loop systems. This has led to the development of the
safety logie discussed in Chapters 11 and 12.

Expert Systems

One objective of expert. systems is to develop computer-based maodels for prob-
lem solving that are different from physical modeling and parameter esti-
mation. An expert system attempts to model the knowledge and procedures
used by a human expert in solving problems within a well-defined domain,
Knowledge represeniation is a key issue In expert systems. Many different
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approaches have been attempted, such as first-order predicate caleulus (logic),
procedural representations, semantic networks, production systems or rules,
and frames. A knowledge-based expert system consists of a knowledge base,
an inference engine, and a user interface.

The Knotwledge Base. The knowledge base consists of data and rules. The
data can be separated inte focis and goals. Examples of facts are statements
such as “The system appears to be stable” “PI control is adequate,” and
“Deviations are normal.” Typical examples of goals are “Minimize the vari-
ations of the output,” “Find out whether gain scheduling is necessary,” and
“Find a scheduling table.” Data is introduced into the database by the user
or via the real-time knowledge acquisition system. New facts can also be cre-
ated by the rules. The rule base contains production rules of the type: “If
prenmtise ther conclusion do action." The premise represents facts or goals from
the database. The conclusion can result in the addition of a new fact to the
database or modification of an existing fact. The action can be to activate
an algorithm for diagnosis, control, or estimation. These actions are differ-
ent from those found in conventiona! expert systems. The rule base is often
structured in groups or knowledge sources that contain rules about the same
subject. This simplifies the search. In the control application the rules repre-
sent knowledge about the control and estimation preblem that are built into
the system. This includes the appropriate characterization of the algorithms,
judgmental knowledge about when to apply them, and supervision and di-
agnosis of the system. The rules are introduced by the knowledge engineer
via the knowledge acquisition system, which assists in writing and testing
rules.

Inference Engine. The inference engine processcs the rules to arrive at con-
clusions or to satisfy goals. It scans the rules according to a strategy, which
decides from the context (current database of facts and goals) which produc-
tion rules to select next. This can be done according to different strategies.
In forward chaining the strategy is to find all conclusions from a given set
of premises. This is typical for a data-driven operation. In backward chaining
the rules are traced hackward from a given goal to see whether the goal can
be supported by the current premises. This is typical for a diagnosis problem.
The search can be organized in many different ways, depth-first or breadth-
first. There are also strategies that use the complexity of the rules to decide
the order in which they are searched. To devise efficzent search procedures,
it is convenient to decompose the rule base into pieces that deal with related
chunks of knowledge. If the rules arc organized in that way, it is also possible
for a system to focus its attention on a collection of rules in certain situations.
This can make the search more efficient.

User Interface. The user interface can be divided into two parts. The first
part is the development support that the system gives. This contains tools
guch as rule editor and rule browser for development of the system knowledge
hase. The other part is the run-time user interface. This contains explanation
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facilities that make it possible to question how a certain fact was concluded,
why a certain estimation aigerithm is executing, and so on. It is alse possible
Lo trace the execution of the rules. The user interface can also contain facilities
to deal with natural language.

Expert Control

The idea of expert contro! is to have a collection of algorithms for control,
supervision, and adaptation that are orchestrated by an expert system. A block
diagram of such a system is shown in Fig. 13.7. A comparisor with Fig. 1.19
shows that the system is a natural extension of a self-tuning regulator. Instead
of having one control algorithm and one estimation algorithm, the system has
several algorithms, It alsa bas algorithms for excitation and for diagnosis,
as well as tables for storing data. Apart from this, the system also has an
expert system, which decides when a particular algorithm should be used.
The expert system eontains knowledge about particular algorithms and the
conditions under which they can be used.

In the special case in which there is only one algorithm of each category,
Fig. 13.7 can be viewed as a well-structured way of implementing safety logic
for an ordinary adaptive regulator. In that case the approach has the advan-
tage that it separates the safety logic from the conirul algerithms. Ancther
advantage is that the knowledge is explicit and can be investigated via the
user interface.

ey
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Figure 13.7 A knowledge-based expert control system.
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13.5 LEARNING SYSTEMS

The notion of learning systems has been developed in the fields of artificial
intelligence, eybernetics, and biology. In its most ambitious form, learning
systems attempt to describe or mimie human learning ability. Attainment
of this goal is still far away. The learning systems that have actually been
implemented are simple systems that have strong relations to adaptive control.
The systems have many names: neural nets, connectionist models, parallel
distributed processing models, and so on.

Michie’s Boxes

This system grew out of early work on artificial intelligence (see Michie
and Chambers, 1968) and attempts to balance an inverted pendulum (see
Fig. 13.8). The system has four state variables, ¢, ¢, x, and x, which are
quantized in a crude way, with five levels for the position variables x and ¢
and three levels for the velocity variables & and ¢. The state space can thus
be described by 225 discrete states. The control variable is quantized into two
levels: force left (L) or force right (R). The control 1law can be represented by a
binary table with 225 entries. In the experiment the table was initialized with
randomly chosen L's and R’s in the table. A simple scoring method was used
to update the table entries as a result of experimental runs. Scoring was based
on how long the pendulum stayed upright and the number of times the pen-
dulum was in a discrete state. The system was able to balance the pendulum
for about 25 minutes after a 60-hour training period. The table that defines
the control action can be expressed in logic as:

If cart is far left gnd cart is hardly moving ard pendulum is hardly
leaning and pendulum is swinging to right thea apply force right.

For this reason the control law is also called finguistic control. When the lugic
is replaced by fuzzy logic, it is also called fuzzy conirol.

The training algorithm that is used in Michie’'s Boxes is similar to that
used in programs for playing checkers and chess, but the pendulum problem is

LO———O-

Figure 13,8 An inverted pendulum.
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simpler than game playing. Training can be shortencd by using a teacher, that
is, by applying a scoring algorithm te an experiment in which the pendulum
is balanced by an expert. A learning system of this type is obviously closely
related 1o a model-reference adaptive system. The reference model can be
viewed as a teacher,

The Perceptron

In a system such as Michie’s Boxes the control law is a logic function that gives
the control action as a function of sensor patterns. The function is adaptive
in the sense that it will adjust itself automatically. The percepiron proposed
by Rosenblatt (1982) is one way te obtain a learning function. To describe
the perceptron, let u;, i = 1,2,...,n, he inputs, and let ¥, i = 1.2,...n, be
sutputs. Tn the perceptron the output is formed as

£ on
yi{t) = fk 3wy ut) - b) i=12..m (13.5)

i=1

where t;; are weights, b is a bias, and f is a threshold funetion, for example,

_f1 ifx =20
f(x)‘{o ifx <0

To update the weights, the perceptron uses a very simple idea, which 1s called
Hebb’s principle: Apply a given paitern to the inputs and clamp the cutputs
to the desired response, then increase the weights between nodes that are
gsimultaneously excited.

This principle was formulated in Hebb {1949}, in an attempt to model
neuron networks. Mathematically 1t can be expressed as follows:

LUU'(f + 1) = w,;_,'(f) + }’ug(f} (y?(t) - _’y}'(f)) (136]

where yf- is the desired response and y; is the response predicted by the model
Eq. (18.5). By regarding the weights as parameters, it becomes clear that the
updating formula of Eq. (13.6) is identical to a gradient method for parameter
estirnation.

Widrow and Hoff {1960) developed special-purpose hardware, called the
Adaline, to implement perceptronlike devices. The learning algorithm used by
Widrow was based on a simple gradient algorithm like Eq. (13.6}. In devices
like the perceptron and the Adaline, learning is interpreted as adjusting the
coefficients in a network. From this point of view it can equally well be claimed
that an adaptive system like the MRAS or the STR is learning. The mecha-
nisms for determining the parameters are also similar.

A drawback of the perceptron is that it can recognize only patterns that
can be separated linearly. It fell into disfavor because of exaggerated claims
that could not be justified. It was heavily criticized in a book by Minsky and
Papert (1969). The idea of designing learning networks did, however, persist.
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The Boltzmann Machine

The Boltzmann Machine may be viewed as a generalization of a perceptron. It
was designed to be a highly simplified model of a neural network. The machine
consists of a collection of elements whose outputs are zero or one. The elements
are linked by connections having different weights. The output of an element
is determined by the outputs of the connecting elements and the weights of the
interconnections. The firing is randomized in such a way that the probability
of firing increases with the weighted sum of the inputs 10 an element. Some
elaments are connected to inputs and others to outputs, and there are also
internal niodes. The eonnections in a Boltzmann Machine are assumed to be
symmetric, which is a significant restriction.

In the perceptron there is a direct coupling between the inputs and the out-
put. The Boltzmann Machine is much more complicated, because it can also
have internal nodes. This implies that Hebb’s principle cannot be applied di-
rectly. An extension called dack-propagation has been suggested in Rumelhart
and McClelland (1986).

There are many variations of neural networks. Dynamies can be introduced
in the nodes. Hopfield cbserved that the weights could be chosen so that the
network would solve specific optimization problems (Hopfield and Tank, 1986).

Hardware

An interesting feature of the neural networks is that they operate in parallel
and that they can be implemented in gilicon. Using such circuits may be a new
way to implement adaptive control systems. A particularly interesting feature
is that it is easy to integrate the networks with sensors.

13.6 FUTURE TRENDS

In this section we speeulate on open research issues and the future of adaptive
control. One interesting aspect of adaptive control ig that it may be viewed
as an automation of the modeling and design of control systems. To apply a
technique automatically, it is necessary to have a very clear understanding
of the conditions under which it can be applied. Ideally, this understanding
should be formalized. Research on adaptive control will thus sharpen the
understanding of conirol and parameter estimation.

Industrial Impact

There are adaptive systems that have been in conlinuous operation since the
mid-1970s. Several products were announced in the early 1980s, and the de-
velopment has accelerated since that time. Adaptation is usced both in general-
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purpose controllers and in dedicated systems, Practically all PID controilers
that are introduced today have some facility for tuning and adaptation. This
applies even to simple temperature controllers. It has taken longer for adaptive
techniques to appear in distributed systems for process control, but many dis-
tributed control systems are now provided with tuning and adaptation. There
is a rich variety of special-purpose systems that usc adaptation. For example,
it has been shown that adaptation can provide improved riding quality in cars.

In summary, many adaptive algorithms are well understood. Our insight
into how adaptive methods can be used to engineer better control systems
is growing. Insight, understanding, and appropriate computing hardware are
available. I1 scems likely that a large proportion of the control systems made
in the future will have automatic tuning or adaptation. When adaptive control
becomes more widely used, interesting phenomena that demand theoretical
understanding will undoubtedly alsc be observed. For instance, what happens
when many adaptive controllers are connected to one process? Will they in-
teract? How should the system be initialized? We can thus look forward to
interesting developments.

Algorithm Development

There are several impertant issues that relate to algorithm development. Cur-
rent toolboxes for adaptive control use only a few of the algorithms that have
been developed. It seems safe to guess that the toolboxes will be expanded, and
it would also seem useful to include auto-tuners in the toolboxes to simplify ini-
tialization. Significant improvements can thus be achieved with tools that are
already known, but there is also a need for improved techniques. Better meth-
ods for control system design are needed. Techniques that can explicitly handle
actuator constraints and model uncertainties would be valuable contribulions.
It would be very useful to have methods for estimating the unstructured un-
certainties.

Diagnostic routines that will tell whether a control algerithm is behaving
as expected arc needed. Such algorithms are well known for minimum-variance
contrel, in which monitoring can be done simply by calculating covariances. It
is straightforward 1o develop similar techniques for other design methods.

There is hoth theoretical and experimental evidence that probing signals
are useful. It is also clear that it is not practical to introduce probing via
stochastic control theory beeause of the excessive computational requirements.
A significant challenge is therefore te find other ways to intraduce probing.
There are many who intuitively object to introdueing probing signals inten-
tionaily. [t must be remembered that a poorly tuned regulator will give larger
than necessary deviations in controlled variables.

A systematic approach to design and implementation of safety networks
is an issue of great practical relevance. Expert systems may be useful in this
context.
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Multivariable Adaptive Control

In this book we have focused on single-input, single-output systems, mainly
to keep the presentation simple, but there has also bheen much research on
multivariable adapiive control. Many of the results can be extended, hut there
is one large difficulty. For single-input, single-output systems it is pessible
to find a good ecanonical form to represent the systems in which the only
parameter is the order of the system, For multivariable systems i is necessary
also to know the Kronecker indices to obtain a canonical form.. This is difficalt
both in theory and in practice. For special systems such as those found in
robotics, a suitable structure can often he found by using pricr knowledge of
the system.

Most adaptive control systems used so fur are single-loop control. Coupled
systems can be obtained by interconnection via the feedforward connection,
Interesting phenomena can occur when such regulators are used on mulli-
variable systems; analysis of the behavior of such systems is a fascinating
problem,

Theoretical Issues

There are many unrcsolved theoretical problems in adaptive control. For exam-
ple, we have no good results on the stability of schemes with gain scheduling.
Much work is also needed on analysis of convergence rates. Un a very funda-
mental level, there is a need for hetter averaging Ltheorems. Many results apply
only to periedic signals. This is natural, since the theory was originally devel-
oped for nonlinear oscillations. It would be highly desirable to have results for
more general signal classes.

Several important problems have arisen in applications. The most imper-
tant one is the design of proper safety logie; this is currently done in an ad
hoc fashion. The development is also hampered by the fact that much of the
information is proprietary, for competitive reasons.

13.7 CONCLUSIONS

In this book we have attempted to give our view of the complex ficld of adaptive
control. There are many unresolved research issues and many white spols on
the map of adaptive control. The field is developing rapidly, and new ideas are
continually popping up.

Our cpinion is that adaptive control is a good teol that a control engineer
can use on many occasions. We hope that this book will help to spread the use
of adaptive control and that it may inspire some of you to do research that will
enhance our understanding of adaptive systems.
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