Proceedings of the 7th Mediterranean Conference on Control and Automation (MED99) Haifa, Israel - June 28-30, 1999

Optimal Adaptive Control of Uncertain Stochastic Discrete Linear Systems

llan Rusnak
RAFAEL (88), P.O.Box, 2250, Haifa 31021 , Israel,

Abstract

The problem of optimal control of stochastic discrete linear time-invariant uncertain systems on finite time
interval is formulated and partially solved. This optimal solution shows that previously published adaptive
optimal control schemes and indirect adaptive control schemes do not need heuristics for their rationalization. It
is shown that these schemes are suboptimal causal approximations of the optimal solution. The solution is
achieved by the introduction of the State and Parameters Observability form - SPOF. This representation of linear
time-invariant systems enables application of tools from the LQR-LQG theory of control and estimation of
discrete linear time-varying systems. The optimal solution is exact and non causal. It is composed of a causal
optimal estimator of the augmented state composed of the state of the system and the parameters and of a
non-causal controller. The solution shows that certainty equivalence principle applies for the state and
parameters, but the separation does not apply. A causal suboptimal controller, using certainty equivalence, is
proposed as an ad-hoc solution. This controller needs only the knowledge of the order of the system. The scheme
is bibo stable for sufficiently low noises. As an example, the proposed algorithm, is applied to an unstable
nonminimum phase model of a dynamic vehicle.

1. Introduction

Optimal control is a well established theory, in general, and the optimal control of deterministic and
stochastic linear known systems, the LQR-LQG theory [1], in particular. The treatment of control of
uncertain systems is covered by the adaptive control theory. The main goal of the "first generation”
adaptive controllers has been to maintain stability and performance in terms of the steady state
tracking error. The transient, e.g., the performance on finite time interval, is not covered. Lately, the
issue of optimizing the performance has emerged. The problem of optimal control of uncertain
stochastic systems has been posed and solved for infinite time interval and for the case when the
system'’s uncertainty set is finite [2]. The problem of adaptive optimal control on finite time interval
has been posed and a so called "candidate adaptive controller" is presented [3]. A control of
continuous deterministic uncertain system based on the state and parameters canonical form is dealt
with in [4, 5]. Discussion of existing various adaptive algorithms is presented in [5] and comparison
of the performance of state of the art adaptive algorithms in noisy environment on a common basis is
presented in [12,21].

The objective of this paper is to formulate and partially solve the optimal control of uncertain discrete
stochastic system on finite interval for the case when the system's parameters are treated as a random
vector and the uncertainty set is specified by its mean and covariance. The solution is achieved by the
introduction of the State and Parameters Observability Canonical form [6]. This new canonical
representation of linear time-invariant systems enables application of tools from existing LQR-LQG
theory of control and estimation of discrete linear time-varying systems. The solution is exact and
noncausal. It is composed of the optimal estimator of the augmented state composed of the state of the
system and the parameters, and of the optimal controller. The estimator is causal. The controller is
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non-causal as it needs the future outputs and inputs to the plant. This shows the necessity of
parameters identification for achieving the goal of optimal control of uncertain stochastic systems.

This optimal solution shows that previously published adaptive optimal control schemes[3] and
indirect adaptive control schemes [7] do not need heuristics for their justification. It follows that
these schemes are suboptimal causal approximations of the optimal solution. Moreover, a comparison
between the presented algorithm and state of the art adaptive control algorithms on a common basis
for stochastic continuous first order system as presented in [12] demonstrates the superiority of the
presented algorithm over other adaptive control algorithms for the control of uncertain stochastic
systems.

In this paper causal approximation of the optimal noncausal solution based on the SPOF form and the
certainty equivalence principle is presented. The optimal adaptive control algorithm is presented. The
asymptotic convergence properties of the algorithm are analyzed. Examples that demonstrate the
performance are presented.

2. Statement of the problem

The following is the optimal control problem of uncertain stochastic discrete linear time-invariant
systems. We consider th# order discrete stochastic linear time-invariant single-input single-output
system

X(t+1) = Ax(t) +bu(t) + w,(t), X(t,)=X,,

V(1) = ©X() + wy(1), tt, (2.12)

. 1 1. 1.
where the input u(§Lo[to,tf]; AERnxn; cl, be R ; X(H)E R is the state; and y@&R is the output;
1. - . 1. . .
Wl(t)ERnX is the process driving noise; ang(®<R is the output measurement noise. The noises are
mutually uncorrelated, zero mean, white stochastic sequences, i.e.

E[w,(1)]=0, E[w,(0]=0, E[w,(w,"(1)]=V 1tz, E[W (W, (1)]=V 25t

1
and \/1€Rnxn , VZGR are given. The initial stateg¥s a random vector, with given meag and
covariance Q We assume that the system is observable and without loss of generality that (A,b,c) is
in the observer canonical form. That is

D_a]_ 1 O 0:| Db]_D
-2, 0 1 0 @ b o
A=0 : iOb=0: Qc=¢,=[1 0 -~ 0 ( (2.1b)
O O 0O O
D_a.n_l O O ].D Dbn |:|
H_an o - 0 OH @)n—la

The unknown parameters &e= [a] a ... g, by by ... by T € rR2" ando is a random vectomwith

mean 8 and covarianc&g. The initial conditions, the parameters and the stochastic processes are
mutually uncorrelated.
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The optimal control of uncertain stochastic discrete linear time-invariant systentise problem of
finding the functional

u(t)= fi(1),t,stst] t,<t<sty, (2.2)
such that the criterion

-1

U t 0
Jf%EéN(tf)TGx(l})ﬂLZ[)(DTQCHﬂL 'y R(II]E (2.3)

is minimized subject to the difference equation constraint (2.1), for given terminal fiare] such

that u(teU, where U is the admissible input set. The expectation is taken with respect to the
stochastic sequences, initial conditions and the vector of parameters.

3. Simultaneous State and Parameters Observability

In this section we consider the problem of simultaneous state observability and parameter
identification of single-input single-output stochastic linear time-invariant system.

In this paper simultaneous state and parameters estimation-identification is performed by the State
and Parameters Observability form - SPOF. This form has been introduced for ARMA systems in [8,

9, 10] and in [5, 11, 12] for state space system model. Moreover, it is rederived here, that for
stochastic systems where the parameters are random variables this estimator is the optimal state and
parameters estimator. The SPOF is rederived here. The proof of optimality of this estimator is
presented in [23].

3.1 The States and Parameters Observability Form

We consider theth order stochastic discrete linear time-invariant single-input single-output system in
the observer canonical form (2.1). In this section we derive a time-varying canonical representation
of the linear system (2.1). This canonical form is called the states and parameters observability form -
SPOF. To derive it, let us choosey(£p) in the Brunovsk form, namely we have

1 0 ..
01
c,=[1t 0 0 - ( (3.1)

>

I
raletmlmletel=
oo™ 9

nx1

and (A, Cp) is observable. Then, there exisERR such that A = § + hg [13, 14]. We have
h=-[ag a2 ... &1 eh]T. Further we can write

X(t+1) = (Ag + RGoIX(t) + B[ Y(§)-wa(t)] + b u(t)+ b u(t) +wy(t) =
(3.2)
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= (AathaCo)x(t)+3hy (1) +8bu(t)+hu(t)+wq (1)-5hwa(t)

where E[h]=l, E[b]=by, 6h=h-h, anddb=b-k,. Furthermore, we have time invariant system, so that
formally we have

Sh(t+1)
db(t +1)

oh(t), dh( ) =

h-i (3.3)
do(t), b ) = b-p

However, in any practical system the parameters are not strictly constants. There are thermal drifts,
drift of the setting points or the parameters are slowly time varying. Therefore, in this work we model
this as

Sh(t+1) = 8ht)+w, (1), Sh() = h-b
dbt+1) = db®+w (1), 3bGE ) = b-h

(3.4)

where wy(t) and vy(t) are zero mean white stochastic sequences independery, af1(8), w2(t),
and

Omw, (DB Ve, Vi
ECF " = VA a5
giuo%%gn%g Yo vm§ 0 (3.5)

The above means that the average system is time-invariant and the actual-true system is time-varying.
In equation (3.2) we have exactly 2n parameterghianddb. Equations (3.2, 3.3) are a different

representation of equation (2.1). Now we can write (3.2, 3.3) in the augmented fostat¢hand
parameters observability formas

IX(t+) O [A,+h,c, Iy(t) lu(t)mx(t)O h,O W, (t) —dhw,(t)O

%h(tﬂ)gz E 0 | 0 %h(t)% So Sj(t) + % w (1) E
Mb(t+DH H O 0 I Hb(t)H HOH H  wy(t) H (3.6)
mx(t) O '
y(t)=[c, 0 O[Bh()TFw, (), t2t,,
Eb(t)H
which will be written as
X(t) =A(OX (1) +bu(t) +w, (1), X (t,)=X,, (3.7a)

y(t) = cTX(t) +w, (1),
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where
X(+D0 BAgthe, O OO b0
X(t)=Bh(t+DFAM =5 0 I 0 5p=FoEc"=[c, 0 0. (3.7b)
Bo(t+DF  § 0 0 | B HOE

The initial stateX(t,)is random vector with meak, and varianc®o,

X0 @@, 0 00
Xo=006Q0 =00 Zu Zpp (3.8a)
HOH HO Zu ZnH
where
T Zwl E[(h-h)(h-h)]T B h- R)( b B
Fon Zpp HE[(h_ho)( b-h)"] EH b (b B

The noises are

0
0 (3.8b)
0

W, (t) —dhw,(t)O
w)+g W) gw () =w,(), (3.92)
H  wy(t) H

Elw,(1)]=0, Ew,(1)]=0, Ew,(t) w,"(D]=V 3tr ,E[W,(w,(7)]=V 5tz

where
V,+3,V, 0 00
Vi=g 0 Vin Vi (3.9b)
E 0 Vbh Vbba

The stochastic processes remain uncorrelated as

W, (t) —dhw,(t)O

O O
w(t) = DNl(t)B: 0 Wi (1) 0 (3.10)
Wd 0wy O
O
O wo(t) O
E w®wT ()] = V 8tz (3.11)
v, +z,V, 0 0 00
O
v,=0 ©° Vi Vi O (3.12)
0o Voo Vi OO '
E 0 0 0 VZE

Notice that, although the stochastic sequenegft), wo(t) are statistically dependent, they are
uncorrelated. This is since
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a) E[(w(t) -sh(twa(t))w(t)] = E[w1(t)wa(r) -8h()wa(tw2(7)]
= -E[8h(t)wa(t)wo(t)] = -E[Sh(t)]E[wo(t)wo(1)]=0, since Efh] = O;
Similarly w1(t) and the initial conditionX(tp) are uncorrelated, namely

b) E[(wy(t) -Sh(t)wo(t))3h(te) T] = E[(w1(Sh(to) -8h(twa(t)Sh(to) T]
=E[(w1(t)8h(to) TI-E[sh(t)wo(t)5h(to) T]=-E[wo(D]E[8h(t)sh(to) T1=0, since E[vp(t)]=0;
and similarly the other terms and by the assumptions is section 2 and 3.

Notice: When the uncertainty diminishes, id&(tg)=0, dh(tg)=0, Wh(t)=0, wy(t)=0, the SPOF
converges to the state space representation of certain stochastic system.

3.2 Simultaneous Optimal State Estimation and Parameters Identification

The SPOF enables the use of theory of observers-estimators for linear time-variant systems. The
optimal estimator of the augmented state is [1 ch. 6, 15]

1) The state estimate extrapolation
XO(t+1)= AMOX V(1) +bu(t)
2) State estimate update

XO+D) = AOX Ot +D)+K @)yt + —cX Ot +9], X P(t,)=X,,

where
3) The error covariance Extrapolation is
QO =AEDRMEDA®D)T+V1, Q(to) = Qo
4) the Kalman Gain is
K® = QO@c [cQO)®) cT + vyt
5) The error Covariance update is

QM) = - K(®) QM)
(3.13)
The proof is presented in [23].

This is an optimal estimator, by what we mean that giver) {y(t), to<t<ts} there is no other, input

and output dependent, with a "linear" structure as described above, algorithm that derives smaller
mean square error estimate of the augmented state. Notice that this is highly nonlinear algorithm.
These equations are easily solved since up to tith@)t, b andc are known and the iteration goes
forward. The issue of how the selection of the input to the system, u(t), affects the quality of the
estimation for continuous systems is dealt with in [16] and for discrete systems in [11]. For example
the quality that we may look is the convergence of the estimation error, namely, asymptotic,
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exponential or in Lyapunov sense convergence, the magnitude of the estimation error covariance, etc.
The following presents a result on the performance of the optimal estimator-identifier.

Theorem 3.1:If the input to the plant u(t) is such th#(f),c) is uniformly completely observable
and V1 is such that AT t( /> )is uniformly completely controllable then the optimal observer

(3.13) is exponentially stable, and the minimal mean square estimation €y(or is
Proof: Direct outcome of [1, theorem 6.45].

Remark: theorem 3.1 states when the system

§(t+1) = [A(1) - K(t) c] &), &) = &, (3.14)
is exponentially stable for any initial conditions.
Notice: When the uncertainty diminishes, o@(t))=0, sh(t)=0, w,(t)=0, w,(t)=0, then the SPOF
based state estimation (the parameters are known) is algebraically identical to the Kalman filter of the
certain stochastic system.

4. Formal solution of the optimal control of uncertain systems.

One possible approach to the solution of optimal control of uncertain systems has been presented by
[2]. There the uncertainty set has been approximated by a finite set of models. Thus it was possible to
derive finite dimensional causal approximation of the optimal solution. This means that the optimal
solution for the case when the uncertainty set is not finite is infinite dimensional. In this section we
will derive by the use of the SPOF a different solution. This solution is finite dimensional but not
causal. This is the reason that we call this the formal solution, as it is not causal, i.e. it is not
computable in real time and can not be applied to real time control.

4.1 Derivation of the Optimal Solution

In order to derive the optimal solution we use the SPOF (3.7). An important observation that is used
in the derivation of the solution is that

Exowlwze[ ]: Ee{ Exowlwl |Q} = Exowyv[z ] (41)
Therefore (2.3) can be written as

0 t -1
ESE x0w1w2§<(tf)TCTGC>(¥)+Z[>( ) CQekt+ ) RU)]% (4.2)

minimization of the inner expectation is the well known LQG problem and its solution is known [17] .
We proceed as in [17] by introducing

XM () = %(t) = x(t) 4.3)

then the inner expectation of (4.2) is given by as in [17]
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-1 |
XWMzgm(t )G (1) + S X7 QX+ ) Fw)ﬂleé+

Hx(t) =% (1)) €T Ge(() = X (1) + g (4.4)
S 2[(x(t) KO 0) Qe X9~ % (1) +u(t)T RU(t)]|GD
O

where the cross tern®, ,, ,, [X()"x" Q.o X § = X (1)|6] = Ocancel out due to the orthogonality
principle. From the second term in (4.4), the estimation term, we have

E %X(t) KOt )T Ge( () = X (1)) + %
E |jEX WA t-1 . T s T — 4.5
O °”D Z[(X(t)-x( ") Qe X=X () + u " RYIB (45
g 0 =T, |
%X(t ) =X O )T X (1) =X D (t;) + 0
O A : (4.6)
Xt o Z [(X(t) =X D (t)TOX (1) =X “ (1)) +u(t) Ru( D]
0 {=T, U
where

[¢'Ge 0 0O ["Qc 0 0O
0 0 0 0
r=g0 003 6=g0 0 03

Ho o0 o Ho o0 o

which means that this term is minimized by the Kalman Filter introduced in section 3.2. From the first
term in (4.4), the control term, we have

0 iy
EGEEX wlwﬁ(“)(tr)TCTGC*”(¥)+Z[>5+)(D ¢ Qek()+ ¢x R(J)ile% (4.7)

the inner expectation is a LQR problem. Equation (4.7) can be rewritten as

O, t-1
Erawsrs KO TTXO )+ 5 KEOTOXT(O+ Uy R WE (4.8)

t=t,

Although it is possible to write an expression of the optimal controller, it is of no practical importance
as it is not causal. The expression needs the future inputs and outputg(f)i(t <t <t;}, where tis

the current time. It means that it can not be realized in real time. This is the reason it is called a
formal solution.

The original optimal problem of order n, in section 2, is incomputable as the parameters are unknown
and we have no hint on the structure of the solution. Here we have increased the order of the problem
to 3n and obtained the optimal solution. Although part of this solution is non causal it suggests a
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structure on the solution and points out that an observer of the augmented state is necessary to achieve
the goal of optimal control of uncertain systems. We know the structure of the optimal observer of the
augmented state and it is causal. Moreover, this solution shows that certainty equivalence principle
holds and separation does not, the optimal controller (solution of (4.8)) depends on the outcome from
the optimal observer (3.13) and the optimal observer (3.13) depends on the output of the controller
(solution of (4.8)). This means that since the optimal controller can not be solved in real time, the
observer that can be implemented in real time will not be optimal with respect to the control objective
(2.3).
Notice: (a) for the estimation problem when the uncertainty diminishes the presented proof is
identical to the proofs that result in the optimal LQG controller for certain systems.

(b) in the solution we required only the order of the observable subspace (along with the
technical requirements that all stochastic processes and random variables are uncorrelated).

5. Certainty Equivalence Based Control

The purpose of this section is to apply the certainty equivalence principle as a causal, ad-hoc
approximation of the optimal solution to the control of uncertain linear systems.

5.1 Certainty Equivalence Based Control on Finite Time Interval

In this section we present control algorithm based on the certainty equivalence principle as an
approximation to the optimal non-causal solution of the optimal control of uncertain systems problem.
This algorithm is called theptimal adaptive control of uncertain stochastic discrete linear systems

In this section the algorithm is described. In the following subsection the asymptotic performance,
conditions for exponential and bibo stability, are stated.

The observer-identifier is the presented in section 3.2. It derives the estimated state and parameters of
the plant. We denote

h(t) = h, +3h( 9,
b(t) = b, +3k( D), , (5.1)
At)=A, +h(t)c,

The controller is the certainty equivalence version of the optimal controller for known plant, that is

u(t) = -Fg (X1
Fe()=R™M0(t) Ry( D[ + K ) R DT B #D]™ A p) (5.2)
Poi(D) = A(t) P (t+D[A(L) - M) R( D1+ € Q¢ By( D= € G

where the times;ti=0,1,2,3,..., are the update times at which the certainty equivalence optimal
feedback, P(t), is recomputed. Equations (5.2) state that at the tintls gain to be used during the
following period [t,ti+1], is computed with the available parameters estimates used as the true plant

parameters - certainty equivalence. Formally, the update times can be the iteration times or larger.
Their values do not influence the asymptotic performance, but will influence the
transient-performance and the computational effort. When there is no uncertainty then (5.2) is the
control for known system, where in this case there is only one iteration insignt at t
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5.2 Asymptotic Properties of Certainty Equivalence Based Control for Deterministic Systems

When designing controls on finite time interval, stability is not necessarily an issue. However, due to
testability, maintainability, safety of operation, or the system operates over long period, asymptotic
stability is a necessary feature of a proposed control algorithm. In this section we analyze the
asymptotic performance of certainty equivalence principle based control algorithm for deterministic
systems. We show in this section, that the proposed algorithm, based on the certainty equivalence,
possesses the same exponential stability properties under the same conditions, as the existing adaptive
control algorithms [7], i.e., persistency of excitation of the input. In this section we analyze
deterministic systems as explicit results on stability appear, in the literature, mainly, for deterministic
systems. Thus we show that the proposed algorithm generalizes the existing adaptive control
strategies.

[) The deterministic system is

X(t+1) = Ax(t) +bu(t), x(t,)=X,,

y(t) = cx(b), t21, (5.3)

where A, b, ¢, u(t) and y(t) are as defined in section 2.
II) The states and parameters observability canonical form for deterministic system is from (3.7)

X(t+1) =A) X(t)+b u(t), X(t,)=X,

(5.4)
y(t) = c X(t), t>t,
where areA(t), b, c andX(t) are defined in section 3.
[lI) The observer-identifier is
X(t+1) =A@ X (t) +b u(t) +K ([y(t+D <A ®X () +cb u(t)], X (t,) =X ,,
QUM =AM-DQ(t-DA(t-3"+N;, Q7 (t)=N,, (5.5)

K1) =Q () "[ecQ(t)c" +N,) ™,
Q™ (1) =[1 -K(t)e]Q (1),

As here we deal with the deterministic case the parameters associated to the noise and uncertainty
N,z0,N>0 and N >0 serve as tuning parameters [6]. The estimation error is

Dx(t)—ﬁgt) O [Ce(t)O
E()=X(1)-X(), E(t)= %h(t)—ép(t)gz =h(H5 (5.6)
Po() - Sb()E ED(OE
and

E(t) =[1 -K(CJACE(D),  E(to) =X, =X, (5.7)

where k(t),éﬁ(t),éﬁ(t) are the estimates of x(tph(t) and db(t) respectively, as derived by the
observer (5.5).The following states a performance theorem of the deterministic observer-identifier.
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Theorem 5.1:If the input to the plant u(t) is such th#(f),c) is uniformly completely observable
and the tuning matrixN, is such that AT t( N2 i% uniformly completely controllable then the

optimal observer (5.5) is exponentially stable.
Proof: Direct outcome of [1, theorem 6.45].

Remarks: 1) The pairA( t (N,* can be made uniformly controllable by settihg = al, o>0. Any

o will do, but its value will influence the convergence rate; 2) The condition of uniform complete
observability of A(t),c) is the condition that the input to the plant, u(t), is persistently exciting-PE.
For further details see [6, 12].

IV) The certainty equivalence control law is given by

u(t) = - X(t)+ v(Y (5.8)
where v(tke R1 is an external input and Fe(;thn is a certainty equivalence controller gain given by

F(t)= FAb o= RA+(h+3H D) g, h+31), 3. (5.9)

The last expression is valid as up to the current time the input and output are measured and therefore
known functions. It follows thaﬁﬁ(t) and 6B(t) are up to the current time known functions and

therefore F(.) up to the current time is a known function of time. We do not specify the specific
algorithm of computing the certainty equivalence controller gain except that it is such that

F(A,b,c) = F, and A-bF is exponentially stable, (5.10)
and additional conditions as stated in theorem 5.2 are satisfied. Condition (5.10) states that the
certainty equivalence controller F for the exact values of the parameters of the system is a stabilizing

controller (exponentially stable). Before stating the main theorem, similarly to [18], we define several
properties of function.

Definition 5.1: The function F: R— RYis boundedif there exist a finite faax < «, such that

S;JIOII FE) < Fmax V&eRS. (5.11)

Definition 5.2: The function F: R — RY hasfinite incremental gain (Lipschitz) if there exist a
finite kmax< «, such that

| FED - FE) lI<kmaxll&1-&21l, V&1, 82 RS (5.12)

The following theorem states the main stability result.

Theorem 5.2 If
i) F(A,B,c) is bounded and with finite incremental gain function of the variahﬁlel?;,c X
i) A-bF(A,b,c) is exponentially stable (we denote F=F(A,b,c)) ;
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iif) the external input v(t) is bounded and such thaft),c) is uniformly completely
observable; and

iv) the tuning matrisN1 is such thatA"™ t( N7'? )s uniformly completely controllable;

then the system (5.3) with the observer-estimator (5.5) and the certainty equivalence feedback (5.8) is
bibo stable and the system transition matrix is exponentially stable .
Proof: See appendix A.

The most important outcome of theorems 5.1 and 5.2 is that the proposed certainty equivalence based
control converges exponentially to the separated observer controller structure that is well known for
uncertain systems.

Proposition 5.3: There almost always exists a bounded external input v(t) suchAftac)( is
uniformly completely observable.
Proof: presented in [6].

Notice that in the derivation of the algorithm and the proofs we required the observability of the
system and its order only. The rest of the parameters and requirements are in our control, "tuning
parameters".

5.4 Asymptotic Properties for Stochastic Systems

In this section we analyze the asymptotic performance of certainty equivalence control algorithm for
stochastic systems. For stochastic systems we are unable to guarantee global exponential stability.
The reason is that if the noises are large then the estimation errors are large and stability can not be
guaranteed. However, if the noises are sufficiently small, the signal-to-noise ratio is sufficiently large,
then the performance in the presence of noises will be close to the performance without noises. This
section will formalize these statements.

The stochastic system is (2.1). We use the SPOF (3.7) and the identifier is (3.13, 5.5). The
performance of this identifier is stated in theorems 3.1 and 5.1.

The certainty equivalence controller is given by (5.8) and the certainty equivalence controller gain
given by (5.9). The certainty equivalence controller gain is such that (5.10) is satisfied. The
estimation error is (5.6) and

E@t+1) = [I- K(t)c] AQE() +w,(t) =K (tw ,(t), E (t,) =E () =X , X .. (5.13)

In previous section we showed via Lyapunov analysis that the certainty equivalence based control
system is globally bibo stable and the state transition matrix is globally exponentially stable. In the
case of stochastic systems we have to specify what type of stability we deal with. The issue of
stochastic stability of stochastic systems is dealt with in [19]. As the existence of stochastic Lyapunov
function is not guaranteed we adopt a different approach. This approach will treat the first and second
moments of the distribution of the variables. We will present conditions such that the mean is
exponentially stable and the variance is bounded. Such results does not mean that the processes
themselves are bounded but means that the power in the stochastic processes is finite.

The following theorems state the main asymptotic behavior of certainty equivalence principle based
control of stochastic uncertain linear systems.

Theorem 5.4 If
i) F(A,b,c)continuous and has bounded first derivative with respect to the vadgbles
i) A-bF(A,b,c) is exponentially stable (we denote F=F(A,b,c)) ;
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iif) the external input v(t) is bounded and such thaft),c) is uniformly completely
observable;
1/2

iv) the input disturbance nois¥q is such that AT t( Y% is uniformly completely

controllable; and

v) the noise levels of the input disturbance and measurement noise are sufficiently low;
then

(a) the transition matrix of the mean of the state of the system (2.1) with the estimator (3.13)
and the certainty equivalence feedback (5.9, 5.10) is exponentially stable.

(b) the covariance of the state of the system (2.1) with the estimator (3.13) and the certainty
equivalence feedback (5.9, 5.10) is bounded.
Proof: see appendix B.

Although theorem 5.4 states that the mean of the state is exponentially stable and the variance is
bounded only if the noises are sufficiently small. The quantity that really matters is the
"signal-to-noise ratio" at the input and output. This signal-to-noise ratio is directly governed by the
amplitude of the external input v(t). Therefore, as the observability of the system (3.6) is not
influenced by the amplitude of the input, only by its spectral support, then formally we can increase
the amplitude of the external input and to achieve good signal-to-noise ratio.

6. Example

As an example we present the problem of control of uncertain system described in figure 1. This is a

linear model of a launch vehicle [20, 3]. The second order transfer functigmk/(epresents the
dynamics of the vehicle rigid body. In parallel with the rigid body dynamics are the first flexible mode
dynamics. The output represents the vehicles attitude. None of the system parameters values are
known precisely, but are known to vary during operation of the system within the following bounds:
£=0.01, 0.01¢<6, k=1, Z0.5<w<2n4.

We apply the certainty equivalence algorithm described in section 5.2, where the control law in (5.8)
is computed to place the closed loop poles in s-domaintpr -43-10j. The discrete control is

applied with sampling interval of 100msec. The control scheme is presented in figure 2. The DC gain
takes care that the overall transmission will have DC gain of 1. The pole placement algorithm does
not satisfy the boundedness condition required by the theorems. The problem arises when the
estimated parameters of the plant give an uncontrollable system. As the estimated plant approaches
uncontrollability the gains tend to infinity. Therefore, the algorithm should bound the gains. In the
presented simulations this bound is the maximal number of the computer.

Figure 3 presents the external input to the closed loop. The first 5sec have a representation of the
launch transient, for the next 5sec the loop maintains constant attitude and at t=10sec a "step" with
unit amplitude and time constant of 0.5sec is applied.

The true parameters of the plant (unknown to the algorithmy=as@01, ©=4*(2Hz), k=1, and the
average values ang =0.05, @ =2rx, k=1.

The example is presented for
w, (t) = bw,y(1),

The specific values of the parameters are presented in table 10.1.
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Table 10.1: The parameters used in the examples.

example no. 1 2 | 3
v, 0 0.1
Vo 0 0.1
sign + + | -
N1, V1 diag(103,103,103,103,105,105,10-5,10-5,10-5,10-5,10°5,10°5)
No, Vo 0.1
Qo diag(1,1,1,1,18,108,108,108,108,108,108,105)

Example 1: This example is without noise. This is similar to the example presented for continuous
plant in [3], however, this example is for discrete plant. Figure 4 presents the states of the plant. We
can see the transient. This transient can be seen on the plot of the output and input on figures 5 and 6,
respectively. Figure 7 presents the estimates of the parameters, and figure 8 presents the normalized
parameters estimation norm.

~pd
PEN = parameters estimation nor@:@m
—0O P O

We can see the convergence rate and its quality, thus at t=10sec when the input is applied the
algorithm is ready and the response of the closed loop is identical to the response of controller for
perfectly known plant. Additional results on the performance without noise are presented in [21].

Example 2: This example is for the same parameters as example 1 but here noises are present at the
input and the output. The results are presented in figures 9 to 13, respectively. We can see from the
figures that the transient, when the noises are present , is much larger, respectively to the case without
noises. Due to the noises the parameters estimation norm reduces to RMS value of about 1%.

Example 3:This example is for the same parameters as example 2 but here the sign of the input to the
plant has been reversed, i.e. the average plant sign and the actual sign have unmatched signs. This
example demonstrates that the presented algorithm is insensitive to the sign (neither low nor high
frequency) of the plant. The results are presented in figures 14 to 18, respectively. We can see from
the figures that the transient, for reversed sign, is larger respectively to the case when the average
plant and the actual plant have matched signs.

We can see, in all examples, that within 2 sec the parameters converged closely to the true values and
thus the controller is "ready" for the input at t=10sec. The input to the plant and the output have
vigorous transient during the first seconds of operation. However, during this transient the values of
the input and output are of the same order of magnitude as are during normal operation, i.e. after
transient died out. Notice that the algorithm is applied at 10Hz rate while the flexible mode is at 2Hz,
i.e. Nyquist rate of the plant is ~4Hz. This again demonstrates the performance of the algorithm.

A comparison between the presented algorithm and state of the art adaptive control algorithms on a
common basis for stochastic continuous first order uncertain plant is presented in [12]. This
comparison demonstrates the superiority of the presented algorithm over other adaptive control
algorithms for the control of uncertain stochastic systems.
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7. Conclusions

The problem of optimal control of stochastic discrete linear time-invariant uncertain systems on finite
time interval has been formulated. By the use of the State and Parameters Canonical form the problem
of optimal control of stochastic linear time-invariant uncertain systems on finite time interval is
partially solved. The solution is explicit and noncausal. As causal approximation to the optimal
noncausal solution, control schemes based on the certainty equivalence principle a called optimal
adaptive control algorithms, are presented. The conditions for bibo stability of the algorithm had been
presented and performance of the algorithm has been demonstrated by examples.
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Appendix A

Proof of theorem 5.2
The condition that A(t),c) is uniformly completely observable and the tuning mdtfxis such that

(AT(t),NY?)is uniformly completely controllable guarantees the exponential convergence of the
estimation errors from theorem 5.1. That is, for e\#fty) there exists some>M >0 and },|<1
such that

[ECH]| < MAT". (A.1)
The system with the certainty equivalence feedback (5.8) is
X(t+1) = Ax(t) +bu(t) = (A-bF(t)) x(t) - bF(EXt)+ bv(t) (A.2)

The solution of (A.2) is given by
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X(t) = d(t,0)x(t,) + ECD(I.T)[—bF(T)S(T) + bv(1)] (A.3)
where the state transition r;lcatrix is
DO(t+1,t) = (A - b F(1)D(t,1), @(0,0)=l. (A.4)

Since k3= IEAA,Ab ¢is a bounded operatas(t) is bounded, and v(t) is bounded by assumption, the

solution x(t) is always bounded for every finite timedt fhe solution can not "escape" in finite
time).
The closed loop system (A-bF) is exponentially stable, therefore there exists P>>@rgliGh that

(A-bF)TP(ADF) - P = -qQ. (A.5)

To investigate the stability of the solution of (A.4), we construct the Lyapunov function
V(t)=x(t)TPx(t) for the autonomous part of (A.2)

x(t+1)= (A - b F()x(®), (A.6)
and we have
V(t+1) - V() = x(t) T [(A-bF (1) TP(A-DF(t)) - P Ix(®). (A7)

We denote F(t) = F + F(t), and we have

V(t+1) - V() = x(t) [(A-bF) TP(A-bF) - P -(A-bFJ P F(t)- F()l bT P(A-bF) + F'bTPb F)] x(t) (A.8)
= x(t) " [-Q1-(A-bF) TbP F(t)- F(t) bT P(A-bF)+ F'bTPb F] x(t).

Now, we have,
F(t)= F(t) - F = F(Ash(t)c,b%b(t).c) - F(Ab,c). (A.6)

Since F(.) is bounded with finite incremental gain and due to (A.1), theresexib,M3>0 and 1|
<1such that

en(t)

<M ADfe. A.10
eb(t) Uy ( )

[aF(t)| =R A+en(t)c b+ek( ), 9 < M,

and there exist®>My, M5>0 such that

V(E+) - V() <-xT (1) Qqx@®) +2 [ x(t) flll (A-bF) bP F(t) || + 1 x()All F b Pb F|
<-xT(1) Qx() + 11 x®) AMg A5o+ [ x() fi NG (A.11)

Moreover, there exist a finite timg & «, such that
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V(t+1) - V(t) <O, for t >4. (A.12)

This means that for t > t®(.,.) is exponentially stable [5, Lemma 6.2.1], and

) + bU(T)]

x(t)] < [0 [x(t )+ S

* Vina

ticp(t,r)tﬂ

< DO [X(to )]+ Fre Z (L))

t,-1 t,-1
<[P0 [X(t )+ Fraxll Y P(LT)bE(T)+ ) P(LT)E@) +Vanll Y P(L,T)D+ Y D(t,T)
O S 5 5 o0+ 5 oo
(A.13)
t-1
[x(®)] < [l (t.0)] [x(t, )|+ +F., Z D(LT)kE
=1,
-1
Vinax| ) PETBI+ Vil » P(LT)
: 3 et
all terms are bounded, therefore we proved the bibo stability. Q.E.D.
Appendix B
Proof of theorem 5.4: It is easy to get that
(B.1)
Elx(t +1)]= (A - bF) E[x(1)]- bERF(X(®O]+ bv(t), E[x(t, )] =
where
AF(t) = F(t) - F (B.2)

and where we redefined the time origin to the pojy, where the initial conditions of the states and

parameters observer-estimator faded out. Such point instant exists by assumption (iii) and lemma 5.4.
From assumption (iv) the noise levels are sufficiently low and from (i) F(t) has first derivatives,

therefore
AF(t) = eh(yT O

aCh eb(y” 0KV aF(t)

(B.3)

where Z contains the high order terms so that

T 6F(t) 2 T aF(t) %

(t) Er #0() (t)er[Zx(t)]+bv(t) (B.4)

EX(t+D] =(A-bR H X ] - E@'(ll
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From the orthogonality property of the Kalman filter estimates, we have
E[sh(t)x(t)T]— E[st(t)Ts(t)T]:o, (B.5)

and for sufficiently small noises Z is small enough such E[m(t)] will not influence the stability
properties, so that we have

E[x(t+D] =(A-bREX ) + by} - B2 Y] EX )= % (B.6)
From here follows that the transition matrix of the mean of the plant state is exponentially stable. In
other words, after the transient died out the average behavior, for sufficiently small noises, is as the

behavior of the deterministic system. Q.E.D.

Proof of Theorem 5.5: As the noise levels decrease the estimation er@gt¥,of (3.13) decreases
accordingly. The covariance is

QM = EL (x()-X))x(®)-%®)' ] (B.7)

whereX(t) = E[x(t)] and

Q(t+1) = (A-bF)QM)(A-bF) + V1 + W (B.8)

where
W = E[(ZX(t) - E[ZXM)])(ZX() - E[ZX())]) "]+ E[(ZX(1) - E[ZROD(X(t) - X(8) I(A-bF) T

” . X (B.9)

+ (A - bR)E[(x(t) - X())(ZX(t) - E[ZX(1)]) "]
where Z is defined in (B.3) and W = 0 for known systems. The magnitude of W is governed by the
"magnitude" of Z, which depends on the high order statistics of the stochastic sequences. For
sufficiently small noises W will be small enough and will be neither influence the stability of (B.8)
nor the boundedness of Q(t). Q.E.D.
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disturbance

(.02

s? + 2CWs+ w?

Figure 1: Block diagram of the dynamic vehicle model.
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measurement noise

Certainty Simultaneous State
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Full State Parameters
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DC Gain N Plant
V(D) Adjust + u(t)
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Figure 2: The bloc\k diagram of the controller for linear uncertain system.
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Figure 3: The external input from the moment of launch.

states
80 T T T

0 5 10 15 20
time [sec]

Figure 4: The states and the estimated states of the plant - example 1.
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Figure 5: The external input and the output of the plant - example 1.
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Figure 6: The input to the plant - example 1.
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Figure 7:The parameters of the plant and their estimates - example 1.

normalized parameters estimation error norm
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Figure 8: The normalized parameters estimation norm - example 1.
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Figure 9: The states and the estimated states of the plant - example 2.
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Figure 10: The external input and the output of the plant - example 2.
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Figure 11: The input to the plant - example 2.
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Figure 12:The parameters of the plant and their estimates - example 2.
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normalized parameters estimation error norm
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Figure 13: The normalized parameters estimation norm - example 2.
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Figure 14: The states and the estimated states of the plant - example 3.
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output
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Figure 15: The external input and the output of the plant - example 3.
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Figure 16: The input to the plant - example 3.
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Figure 17:The parameters of the plant and their estimates - example 3.
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Figure 18: The normalized parameters estimation norm - example 3.
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