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　　Abstract　　An extended nonlinear state p redictor(ENSP)for a class of nonlinear systems w ith inpu t t ime delay is proposed.Based

on the extended Kalman f ilter(EKF), the ENSP first estimates the current states according to the previous est imat ions and estimation er-

rors, next calculates the futu re state values via the system model , and then adjust s the values based on the current errors.After a state

p redictive algorithm for a class of linear system s is presented , it is extended to a class of nonlinear t ime delay systems and the detailed EN-

SP algorithm is further proposed.Finally , computer simulations w ith the nonlinear example are presented , w hich demonstrates that the

p roposed ENSP can effect ively and accu rately predict the future states for a class of nonlinear time-delay systems no mat ter whether the

state variables change quickly or slow ly.

　　Keywords:　nonlinear systems , time delay , extended Kalman filter , nonlinear state predictor.

　　Time delay exists almost everywhere in process

control and signal processing.It is show n in Ref.[ 1]
that the closed-loop sy stem may be degraded if the

model time delay does not coincide with the system

time delay .In addit ion to this performance degrada-
tion , the time delay causes ext ra disturbance and it

may deteriorate the stabili ty of the closed-loop control

sy stem[ 2] .

In the past decades , one of the ef fective methods

to solve the time delay problem is Smith predictor[ 3] ,
which is a w ell-known deadt ime compensation tech-
nique.It utilizes a process model to add feedback

around the controller w hich eliminates the deadtime

from the characteristic equat ion of the closed-loop sys-
tem , and converts the control problem w ith deadtime

to the one wi thout deadtime.However , Smith pre-
dictor has a disadvantage that it requires accurate sys-
tem models , and it is very sensitive to modeling er-
rors.In face of inevitable mismatches betw een the

models and the actual systems , the performance of

the resulted closed-loop sy stem is poor , or unstable.
For this reason , many dif ferent modified st rategies

have been proposed recently in order to improve the

robustness of the convent ional Smith predictor.
Zhang et al.[ 4] addressed a two deg ree-of-f reedom
Smith predicto r , which leads to improvement in regu-
latory capacities for reference inputs.Tian and Gao

[ 5]

proposed a double controller-scheme (DCS)in w hich

the reference t racking and disturbance rejection w ere

designed independently via tw o PI controllers.Then ,
Vre čko et al.[ 6] ex tended the DCS to a modified

Smith predictor (MSP), which could adjust the

t rade-off between disturbance rejection and robustness

to variations in sy stem parameters.Furthermore ,
some adaptive Smith predictor-based control st rateg ies

have been developed so as to be implemented in time-
varying systems[ 7] .

State prediction is a problem frequently encoun-
tered in control fields , which is mainly concerned

w ith ext rapolat ing a given time series into the future.
In recent years , there have been increasing interests

in state predictors for nonlinear sy stems , many of

w hich w ere related w ith artificial neural netwo rks

(ANN).Tan and Key ser[ 8] presented both recursive

and non-recursive d-step ahead predicto rs for a class

of time-delay systems , both of which were based on

neural netw orks.M iao and Li[ 9] designed an adaptive

predictor for a class of discrete-time nonlinear dynam-
ical sy stems w ith large time delay by combining the

backpropagation neural network and traditional adap-
tive predictive control.In addi tion , Kulkarni and

Posner[ 10] constructed a class of non-parametric pre-
dicto rs for nonlinear systems composed of linear sy s-
tems coupled w ith memoryless nonlinearities.Lee and



Johnson[ 11] proposed a Kernel predictor for non-Gaus-
sian time series.More recently , Neubauer[ 12] pro-
posed a genetic algori thm-based nonlinear predictor ,
which w as applied to the identification of auto-regres-
sive and bilinear systems.

This paper is org anized as follow s:Kalman f ilter

(KF)and extended Kalman f ilter(EKF)are out lined

in Section 1.In Section 2 , a state predicto r for linear

sy stems is proposed through combining KF and opti-
mal estimation theory.By extending the linear state

predictor to nonlinear processes , the ENSP is pro-
posed in Section 3.In Section 4 , simulation results

are given to illust rate the effectiveness of the proposed

approach , which is followed by the concluding re-
marks.

Throughout the paper ,  · denotes the determi-
nant of real matrices or absolute value of a real ,
‖·‖ deno tes the Euclidian norm of real vectors o r

the spectral norm of real matrices.E{x}deno tes the

expectation value of x , E{x y}is the conditional

expectation value of x g iven y , and Var{x}deno tes

the variance of x.

1　Preliminaries

1.1　Kalman filter

There are tw o common formulat ions of the dis-
crete-time Kalman filter , and both are widely used in

engineering:a two-step recursion consisting of time-
update and measurement-update w ith a relinearization

between the two steps , or a one-step formulation in

terms of a priori variables.In this paper , we only

consider the lat ter.

Consider the follow ing discrete-time linear pro-
cesses:

xk+1 =Fkxk +Gkuk +vk ,

yk =Hkxk +ek ,
(1)

where the state vector xk ∈ R
n , the input vecto r

uk ∈ R
p , the output vector yk ∈ R

m , Fk and Gk are

matrix of the known functions;process noise vk ∈ R
n

and measurement noise ek ∈ R
m are independent

Gaussian w hi te sequences w ith covariance Qk and Rk

respectively.

Definition 1.A discrete-t ime Kalman filter is

g iven by the follow ing coupled dif ference equa-
tions[ 13] .

State estimation:

 xk+1|k =Fk xk|k-1 +Gkuk +K k(yk -Hk xk|k-1).

(2)
Kalman gain

K k =FkPk|k-1H
T
k(HkPk|k-1H

T
k +Rk)

-1.(3)

Ricat ti difference equation:

Pk+1 k=FkPk k-1F
T
k+Qk 　　　　　

-K k(HkPk k-1H
T
k +R k)K

T
k .(4)

In Kalman filter ,  xk+1 k denotes the conditional

expectation of xk+1 with given yk , yk-1 , … , y0 , and
Pk+1 k denotes the covariance of estimation , i.e.

 xk+1|k =E{xk+1|yk , yk-1 , …, y0}, (5)

Pk+1 k=Var{xk+1 yk , yk-1 , …, y 0}. (6)

1.2　Ex tended Kalman filter

Consider the follow ing discrete-time nonlinear

process:
xk+1 = f(xk , uk)+v k , (7)

yk =h(xk)+ek , (8)

where the state vector xk ∈ R
n , the input vector uk

∈ R
p
, the output vector yk ∈ R

m
, the nonlinear

functions f and h are assumed to be continuously dif-
ferentiable with regard to xk ;process noise vk ∈ R

n

and measurement noise ek ∈ R
m

are independent

Gaussian w hite sequences with covariance Qk and Rk

respect ively .

It is clear that the Kalman filter has been ex-
tended into nonlinear processes by local linearization ,
thus one obtains the following definit ion.

Definition 2.A discrete-time extended Kalman

filter is defined by the coupled dif ference equations[ 13]

as follow s.

Difference equation for state estimation:
 xk+1|k = f( xk|k-1 , uk)+K k(yk -h( xk|k-1)).

(9)
Kalman gain:

K k =FkPk|k-1H
T
k(HkPk|k-1H

T
k +Rk)

-1
.(10)

Ricat ti difference equation:

Pk+1|k =FkPk|k-1F
T
k -K k(HkPk|k+1H

T
k

+Rk)K
T
k +Qk. (11)

Linearization:

Fk =
 f(xk , uk)
 x x

k
= x

k|k-1

, (12)

Hk =
 h(xk)
 x x

k
= x

k k-1

. (13)
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2　A state predictor for linear process with

input time delay

In this section , we consider the follow ing dis-
crete-time linear process w ith input t ime delay

xk+1 =Fkxk +Gkuk-τ+v k ,
yk =Hkxk +ek ,

(14)

where τis time delay , and the definitions of other

v ariables are the same as the process (1).From

(14), we yield

xk+2 =Fk+1Fkxk +(Fk+1Gkuk-τ+Gk+1uk-τ+1)
+(Fk+1 vk +vk+1). (15)

By use of the iterative operation , we f inally ob-
tain the follow ing expression:

xk+τ+1 =Fk+τ…Fkxk +g(Uk)+q(Vk), (16)

where U
k  {uk , uk-1…, uk-τ}, g(·)is a complex

function related with input set U
k
, V

k  {vk+1 ,
vk+τ-1 , … , vk}, q(·)is the complex funct ion relat-
ed wi th process noise set V

k.For convenience , we

simplify the characteristics of q(Vk)in (18).Be-
cause q(Vk)is the agg regation of a series of Gaussian

w hite noises , one assumes that q(Vk)st ill satisfies

the Gaussian distribution , and assumes it satisfies the

following equation

q(Vk)=Γkvk , (17)
where Γk is an unknown matrix w hich depends on the

concrete process.Hence , (16)can be transfo rmed in-
to

xk+τ+1 = Akxk +g(U
k)+Γkvk , (18)

where

Ak=Fk+τFk+τ-1…Fk. (19)

Lemma 1.If X is an N-variate Gaussian random

variable with mean μand covariance and if X , μ
and are part itioned as

X =
X1

X2
, 　μ=

μ1
μ2
, 　=

11 12
21 22

,

then , the conditional distribution fo r X1 w ith given

X2=x2 is Gaussian w ith mean μ1 +12 
-1
22 (x2 -

μ2)and covariance 11-12 
-1
22 21.

Proof of Lemma 1.Refers to Ref.[ 13] .

Theorem 1.Consider the linear process (14),

define Y
k  {yk , yk-1 , … , y0}, and let  xk+τ+1 k de-

note the conditional mean of xk+τ+1 w ith given Y
k ,

Pk+τ+1 k is the state predict ive error covariance ma-
trix , which is defined as

Pk+τ+1|k
 E{( xk+τ+1|k -xk+τ+1)

·( xk+τ+1|k -xk+τ+1)
T|Yk}. (20)

Then  xk+τ+1 k can be determined by

 xk+τ+1|k =Ak xk|k-1 +g(U
k)

+Kpk(yk -Hk xk|k-1), (21)
where Ak is defined in (19), Kpk is the predict ion

gain , which sat isf ies

Kpk =AkPk|k-1H
T
k(HkPk|k-1H

T
k +Rk)

-1(22)

and Pk+τ+1 k satisfies

Pk+τ+1|k =A kPk|k-1A
T
k -Kpk(HkPk|k-1 H

T
k

+Rk)K
T
pk +ΓkQkΓ

T
k . (23)

Proof of Theorem 1.

Because (16)can be transformed into (18)un-
der some assumptions , f rom (18)and (14)we ob-
tain ,

xk+τ+1

yk
=

Akxk +g(U
k)+Γk v k

Hkxk +ek
.(24)

Then using the results for transformation of Gaussian

random variables , the distribution of
xk+τ+1

yk
w ith

given Y
k-1

is also a Gaussian dist ribution , it s mean is

E
xk+τ+1

yk
Y

k-1
=

A kE{xk|Y
k-1}+g(Uk)

HkE{xk|Y
k-1
}

=
A k xk|k-1 +g(Uk)

Hk xk|k-1
(25)

and the covariance is

Var
xk+τ+1

yk
Yk-1

=E
A k(xk - xk|k-1)+Γk vk
Hk(xk - xk|k-1)+ek

　·
Ak(xk - xk|k-1)+Γk v k

Hk(xk - xk|k-1)+ek

T

Y
k-1

=
AkPk|k-1A

T
k +ΓkQkΓ

T
k AkPk|k-1H

T
k

HkPk|k-1A
T
k HkPk|k-1 H

T
k +Rk

.

(26)
Hence , by apply ing Lemma 1 , we immediately obtain

the follow ing results:

 xk+τ+1|k  E{xk+τ+1|Y
k}= Ak xk|k-1 +g(U

k)

　　+AkPk|k-1H
T
k(HkPk|k-1H

T
k +Rk)

-1

　　·(yk -Hk xk|k-1). (27)

Obviously , if and only if(22)is satisfied , (21)is al-
ways right.

In a similar w ay , by use of Lemma 1 , we obtain
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Pk+τ+1|k
 Var{xk+τ+1|Y

k}=A kPk|k-1A
T
k

　　+ΓkQkΓ
T
k -AkPk|k-1H

T
k(HkPk|k-1 H

T
k

　　+Rk)
-1
HkPk|k-1A

T
k. (28)

Substituting (22)into (28)yields(23).

From the above analysis , a state predictor fo r

discrete-time linear time-delay process (14)can be

concluded as follows.

Definition 3.A discrete-t ime linear state predic-
tor for the process(14)is defined by the follow ing e-
quations:

State prediction :This part is composed of Eqs.
(21), (22), (23)and(19).

State est imation:This part comes f rom the

Kalman filter , i.e.
 xk+1|k =Fk xk|k-1 +Gkuk +Kek(yk -Hk xk|k-1),

(29)

K ek =FkPk|k-1H
T
k(HkPk|k-1 H

T
k +Rk)

-1 ,

(30)

Pk+1 k=FkPk k-1F
T
k 　　　　　　　　　　　

-Kek(HkPk k-1H
T
k +R k)K

T
ek+Qk.

(31)

3　An extended nonlinear state predictor for
nonlinear processes with input time delay

Let us consider the following nonlinear , discrete-
time process with input time delay :

xk+1 = f(xk , uk-τ),

yk =h(xk)+ek ,
(32)

where k ∈ N is the discrete time index , τ∈ N is in-
put time delay , and the state vector xk ∈ R

n , input

vector uk ∈ R
p
, output yk ∈ R

m
, and the nonlinear

functions f and h are assumed to be continuously dif-
ferentiable w ith regard to xk;and measurement noise

ek ∈ R
m is independent Gaussian w hite sequence wi th

covariance Rk.It should be pointed out that there is

no process noise in the considered system.

We will ex tend the previous linear state predicto r

to the nonlinear process(32), and an ex tended non-
linear state predictor (ENSP)for nonlinear processes

w ith input time delay w ill be proposed.The state

prediction part of ENSP is g iven by

 xk+1 = f( xk|k-1 , uk-τ), (33)
 xk+i+1 = f( xk+i , uk-τ+i)　i =1 ,2 , …, τ,

(34)

 xk+τ+1|k = xk+τ+1 +Kpk(yk -h( xk|k-1)),

(35)
where the init ial predictive states and the modified

predictive state are deno ted by  xk+τ+1 and  xk+τ+1 k ,
respect ively , and Kpk ∈ R

n×m is the predictor g ain.

Similar to the deduction for the linear processes ,
f rom (32), we obtain

xk+2 = f(f(xk , uk-τ), uk-τ+1). (36)

Therefore , by applying iterative operation , we finally

obtain the follow ing form

xk+τ+1 =a(xk , uk , uk-1 , …, uk-τ), (37)

where a is a complex function of f af ter “ τ” times

operation.

In a similar w ay , combining (33) and (34)
yields

 xk+τ+1 = a( xk|k-1 , uk , uk-1 , …, uk-τ).(38)

Suppose a is continuously dif ferent iable w ith respect

to x , and define

Ak  
 a(xk , uk , uk-1 , …, uk-τ)

 x x
k
= x

k|k-1

,

(39)

Hk
  h(xk)

 x x
k
= x

k|k-1

. (40)

From (33), (34)and(38), we obtain

 a
 x x= x

k|k-1

=
  xk+τ+1
  xk+τ

·
  xk+τ
  xk+τ-1

…
  xk+2

  xk+1
·
  xk+1
  xk|k-1

=
 f
 x x= x

k+τ

·
 f
 x x= x

k+τ-1

…

　
 f
 x x= x

k+1

·
 f
 x x= x

k|k-1

=Fk+τFk+τ-1…Fk+1Fk|k-1 , (41)

where

Fk|k-1  
 f
 x x= x

k|k-1

, (42)

Fk+i  
 f
 x x= x

k+i

　i =1 ,2 , …, τ. (43)

Hence , w ith (39), we obtain

Ak =Fk+τFk+τ-1…Fk+1Fk|k-1. (44)
For convenience , we use a(xk)to denote a(xk , uk ,
uk-1 , …, uk-τ).Since a and h are continuously dif-
ferentiable , they can be expanded via

a(xk)-a( xk|k-1)

　　=A k(xk - xk|k-1)+φ(xk ,  xk|k-1),(45)
h(xk)-h( xk|k-1)

　　=Hk(xk - xk|k-1)+ψ(xk ,  xk|k-1),(46)
where φand ψare higher-order terms in the co rre-
sponding Taylo r series expansions.
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The nonlinear system (37)-(32)can then be

expressed by

xk+τ+1 =a( xk|k-1)+A k(xk - xk|k-1)
+φ(xk ,  xk|k-1), (47)

yk =h( xk|k-1)+Hk(xk - xk|k-1)
+ψ(xk ,  xk|k-1)+ek . (48)

Neglecting higher-order terms by given  xk k-1 en-
ables us to approx imate the nonlinear sy stem (47)-
(32)as

xk+τ+1 ≈Akxk +z 1k , (49)

yk ≈Hkxk +ek +z 2k , (50)

where z1k and z2k are calculated on-line f rom the e-
quations

z 1k =a( xk|k-1)-Ak xk|k-1 , (51)

z2k =h( xk|k-1)-Hk xk|k-1. (52)

Comparing the system (49)with the system (18), it
is clear that we can direct ly ex tend the state predic-
tive algorithm of linear system to the nonlinear system

(32).Thus , we immediately obtain the follow ing

definition of ENSP.

Definition 4.A discrete-time ex tended nonlinear

state predictor (ENSP)for nonlinear time delay pro-
cess(32)is given by

State prediction:this part is composed of Eqs.
(33),(34),(35)and

Kpk = AkPk|k-1H
T
k(HkPk|k-1H

T
k +Rk)

-1.

(53)
S tate estimation:this part is the same as extended

Kalman filter , i.e.
 xk+1|k = f( xk|k-1 , uk-τ)+Kek(yk -h( xk|k-1)),

(54)

K ek =Fk|k-1Pk|k-1H
T
k(HkPk|k-1H

T
k +Rk)

-1 ,

(55)

Pk+1|k =Fk|k-1Pk|k-1F
T
k|k-1 +Qk

-Kek(HkPk|k-1H
T
k +R k)K

T
ek.(56)

Linearization:this part is composed of Eqs.(42),
(43), (44)and(40).

The detailed algo rithm of the ENSP is presented

bellow .

ENSP algorithm:

Step 1.Let k =0 , set initial covariance matrix

Pk k-1=P0 and initial value  xk k-1= x 0;

Step 2.Calculate  xk+i+1(i =0 , 1 , …, τ)by

(33)and(34);

Step 3.Calculate Fk k-1 and Fk+1(i=1 , … , τ)
by (42)and(43);

Step 4.Calculate Ak by (44), Hk by (40), Kpk

by (53), respectively , then calculate predict ive state

value  xk+τ+1 k by (35);

Step 5.Calculate K ek by (55), Pk+1 k by (56),
respect ively , then calculate state estimation  xk+1 k by

(54);

Step 6.k +1※k , go to Step 2.

4　Simulation studies

A nonlinear model-Three-Tank Sy stem , coming

f rom the setup DTS200 , and produced by Amira Au-
tomation Company in Germany , is adopted fo r com-
puter simulations.The layout of the setup is given in

Ref.[ 14] .This setup consists of three cy linders of

tank 1(T1), tank 3(T3)and tank 2(T2)w ith the

cross section A .These cylinders are connected serial-
ly w ith each other by cylindrical pipes w ith the cross

section Sn .Located at tank 2 is a nominal outf low

valve , which has a circular cross section Sn .The out-
flowing liquid is collected in a reservoir , which sup-
plies the pumps 1 and 2.

The pump flow rate , Q 1 and Q 2 , denote the in-
put signals , τ1 is the input time delay , the liquid lev-
els of T1 and T2 denote the output signals which have

to be decoupled.The necessary level measurements

are carried out by 3 piezo-resistive difference pressure

senso rs.

This system is modeled by

x
　·
= f(x)+g · u(t -τ1),

y =[ x1　x2]
T ,

(57)

w ith the vector defini tions:

x =

x 1

x 2

x 3

 
h 1

h 2

h 3

, 　u  
Q 1

Q 2
,

f(x)=
1
A

-Q13

Q 32 -Q 20

Q 13 -Q 32

, 　g =
1
A

1 0

0 1

0 0

,

where , the unknown quantities Q 13 , Q32 , Q20 can be

determined by

Q13 =az1S nsgn(h1 -h3)(2g|h 1 -h3|)
1/ 2 ,

Q32 =az3S nsgn(h3 -h2)(2g|h 3 -h2|)
1/ 2 ,

Q 20 =az 2S n(2gh2)
1/2
.

The denotations are listed as the following ,
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az i , outf low coeff icients; h i , liquid levels(cm);

Qi j , f low rates(cm3/ s); Q1 , Q2 , supplying flow rates

(cm3/ s);

A , section of cylinder (cm2) S n sect ion of connection pipe

(cm2);

τ1 input t ime delay(s); g , earth accelerat ion (cm/

s2);

sgn(z) sign of the argument z.

The nominal technical data of the setup are given

in Table 1.

Table 1.　S ome technical parameters of DTS200

A=154 cm2 Sn =0.5 cm2 Q 1max=Q2max=100 cm3/ s

Hmax=62(±1)cm g=981 cm/ s2 az 1=0.5

az 2=0.6 az 3=0.5 τ1=30 s

　　By use of Euler discretization technique , this set-
up can be equivalently modeled by the following non-
linear discrete model:

xk+1 =xk +Δt · f(xk)+Δt ·g · uk-τ,

yk =[ x 1k　x2k]
T ,

(58)

where τ int(τ1/Δt), int(·)deno tes the closest in-
teger of a real , Δt is the sampling interval.We use

GMC as the control algo rithm (see [ 15] ), and

choose controller parameters K1 =0.05I2 , K0 =
0.0015 I2 , Δt=1 s.In the nonlinear state predictor ,
select covariance matrices Qk=1×10-2

I3 and R k=1

×10-2
I2 , set P0 -1=103

I3.

Fig.1 is the simulation results of the ENSP .In
Fig.1(a), the solid lines are the measured values of

the liquid level , the dashed lines are the set-points of

the liquid level.The simulation time is 500 s.The

initial levels of T1 , T2 and T3 are h1=10 cm , h2=
5 cm , h3 =7 cm , respectively .At the time 100s ,
change the set-point of T1 to 25 cm ;at the time 200

s , change the set-point of T2 to 13 cm.The true state

variables and thei r predictive values by the ENSP are

show n in Fig.1 (b ～ d), in w hich solid and dot ted

lines denote the t rue and predictive values of state

variables , respectively.

Fig.1.　S imulation results of the ENSP for the Three-Tank System.
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　　From Figs.1 (b ～ d), i t is clear that the pro-
posed ENSP can predict the future states of the sys-
tem accurately no mat ter w hether the state variables

change slowly o r quickly.

5　Conclusions

In this paper , motivated by the extended

Kalman f ilter (EKF)and the predictive control , we

propose an ex tended nonlinear state predictor (EN-
SP)fo r a class of nonlinear systems w ith input time

delay.By use of the opt imal estimation theories , a

novel state predictive algo rithm for linear time delay

sy stems is addressed at first , and then it is extended

to a class of nonlinear time delay systems , similar to

the relationship between KF and EKF.The ENSP

algori thm is divided into tw o parts:state estimation

part is used to estimate current states the same as the

EKF , and state prediction part is used to calculate the

future state via the system model and modification of

current errors.Computer simulations illust rate the

perfo rmance of the proposed ENSP , which can effec-
tively and accurately predict the future states for a

class of nonlinear sy stems wi th input time delay.

It should be pointed out that the proposed ENSP

can be directly applied to controller design fo r nonlin-
ear time-delay systems.We are just designing a non-
linear predictive controller by use of the ENSP.
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6 Vrečko , D.et al.A new modified smi th predictor:the concept ,

design and tuning.ISA Transactions , 2001 , 40:111.

7 Tsang , K.M.et al.Adaptive delay compensated PID cont roller

by phase margin design.ISA T ransact ions , 1998 , 37:177.

8 Tan , Y.B.et al.Adaptive PID con trol with neural network based

predictor.In:International Conference on Cont rol , 1994 , 2:

1491.
9 Miao , Y.F.et al.Adaptive predict ion using neu ral netw orks.

IEEE Internat ional Symposium on Circui ts and Systems , 1992 , 1:

340.
10 Kulkarni , S.R.et al.Universal prediction of nonlinear systems.

In:Proceedings of the 34th Conference on Decision & Control ,
New Orieans , 1995 , 4024.

11 Lee , Y.K.et al.Nonparamet ric prediction of non-Gaussian time

series.In:IEEE Internat ional C onference on Acoustics , Speech ,

and Signal Processing , 1993 , 4:480.

12 Neubauer , A.Genetic algori thms for adaptive nonlinear p redictors.
In:IEEE Internat ionalC onference on Elect ronics Ci rcui ts and S ys-

tems , 1998 , 1:209.
13 Anderson , B.D.O.et al.Optimal Filtering.Englew ood Cli ff s:

Prentice-Hall , 1979.

14 Xie , X.Q.et al.St rong t racking filt er based adaptive generic

model cont rol.Journal of Process C ont rol , 1999 , 19(4):337.

15 Lee , P.L.et al.Generic model control (GMC).Computers

Chem.Engng., 1988 , 12(6):573.

151Progress in Natural Science　Vol.14 No.2　2004


