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    Suppose that  is an  matrix and  is an  matrix. Then the product of
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(1). Matrix Multiplica
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       is nonsingular.
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      The rows of  are linearly independent.
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     is:

    Positive definite if 0 for all nonzero 1 vectors . This is equivalent
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Linearized Models Employing the Taylor Series Expansio
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1

Consider the following time-invariant system and the deterministic asymptotic

estimation

        x x u

        z x                                                                       (1.157)

wh

k k k

k k

A B

H

+ = +

=

0

ere state x , control input u , output z ;

and , ,  and  are known constant matrices of appropriate dimension.

All variables are deterministic, so that if initial state x  is known then Eq. (

n m p
k k kR R R

A B H

∈ ∈ ∈

1.157)

can be solved exactly for x , z  for 0.

Deterministic asymptotic estimation problem: Design an estimator

ˆwhose output x  converges with k to the actual state x  of Eq. (1.157)

when the initial s

k k

k k

k ≥

( )

0

1

tate x  is unknown, but u  and z  are given exactly.

An estimator of observer which solves this problem has the form

ˆ        x x z x u

as shown in Fig. 2.1-1.
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0

1 1 1

ˆTo Choose  in Eq. (1.157) so that the estimation error x x x  goes to zero with 

for all x , it is necessary to examine the dynamics of x . Write

ˆ         x x x

              x u
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= −

= + − ( )

( ) ( )

0

ˆx z x u

ˆ              x x x x

              ( )x

It is now apparent that in order that x  go to zero with  for any x ,

observer gain  must be selected so that ( ) is s
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k

k

L H B

A L H H
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L A LH

⎡ ⎤+ − +⎣ ⎦
= − − −
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− table.  can be chosen

so that x 0 if and only if ( , ) is detectable which is defined in the sequel.

(1). ( , ) is observable if the poles of ( ) can be arbitrarily assigned

     by appropriate cho

k

L

A H

A H A LH

→

−

ice of the output injection matrix .

(2). ( , ) is detectable if ( ) can be made asymptotically stable by some matrix .

     (If ( , ) is observable, then the pair is detectable; but the reverse is

L

A H A LH L

A H

−

 not necessarily true.)

(3). (A, B) is controllable (reachable) if the poles of (A-BK) can be arbitrarily assigned by

     appropriate choice of the feedback matrix K.

(4). (A, B) is stabilizable if (A-BK) can be made asymptotically stable by some matrix K.

     (If (A, B) is controllable, then (A, B) is stabilizable; but the reverse is not necessarily true.)
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The n-state discrete linear time-invariant system

 has the controllability matrix P defined by
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Uniform Random Variable:
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( ) exp
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Correlation Matrix:

Covariance Matrix:

Gaussian Random Vector:
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Conceptual Representation of Stochastic Process

(1) Ensemble Average
(2) Time Average
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1( , ), ,
(1)  ,   =  fixed                   a  single number (an outcome of an experiment)
(2)    variable                 a time function
       fixed
(3)    fixed                   

X t s t R s S
t s X
t X
s
t X

∈ ∈
=

= =
=
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Stationary Process:



Stochastic Processes (continued)
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Wide-Sense Stationary (WSS):
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White Noise and Colored Noise
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