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Abstract: To identify systems with non-uniformly sampled input data, a recursive Bayesian identification algorithm with covariance
resetting is proposed. Using estimated noise transfer function as a dynamic filter, the system with colored noise is transformed into
the system with white noise. In order to improve estimates, the estimated noise variance is employed as a weighting factor in the
algorithm. Meanwhile, a modified covariance resetting method is also integrated in the proposed algorithm to increase the convergence
rate. A numerical example and an industrial example validate the proposed algorithm.
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1 Introduction

For decades, many efforts have been devoted to system
identification, and lots of results have been reported! 3.
This paper considers the identification of non-uniformly
sampled data (NUSD) systems, whose sampling intervals
for the input and/or output channels are non-equidistant
in timel*. NUSD systems can be found in many industrial
processes, such as induction motors, continuous stirred tank
heater systems, filter bank transceivers, transmultiplexers,
bioreactors, etc®~%. The identification of NUSD systems
has attracted much attention!*0~%,

To identify systems with colored noise, many techniques,
such as bias compensation'®~'®! and data-filtering!*® 2,
have been used. Owing to their easy implementation and
high efficiency, filter based algorithms have been reported

[21-23]

extensively . Using the estimated noise transfer func-

tion, Xie et al.?4 proposed a filter based least square algo-
rithm. For the identification of multi-rate NUSD systems,
Liu et al.[?"] gave an auxiliary model based recursive least
squares algorithm, and analyzed the convergence properties
of the proposed algorithm. For identification of continuous
time systems with NUSD, Goodwin and Ceal?! formulated
the problem in the context of nonlinear filtering, and ap-
plied minimum distortion filtering to identify these systems.
Based on the Kalman filtering principle, Wang et al.?"l de-
rived the state filtering algorithm by minimizing the esti-
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mation error covariance matrix, and further calculated the
state estimates of the original systems by using the inverse
transformation. To obtain the optimal state estimate for
multi-rate dynamic system with NUSD, Yan et al.[28l pro-
posed a modified Kalman filter.

Although the algorithms mentioned above work well,
there are still some problems. For example, in the filter
based algorithms, the data filter was used to alleviate the
computational burden of the identification algorithms, but
the noise variance was not integrated into the algorithms
to improve the estimates. In the Kalman filter based algo-
rithms, the Kalman filter was used to estimate the unknown
states and parameters of the state-space models. However
the means and variances of the process noise and the out-
put noise must be known a priori. In order to achieve
high-accuracy estimates of the time-domain models with
less computation, a filter based recursive Bayesian (RB)
algorithm is proposed in this paper. To improve the con-
vergence rate, a novel covariance resetting (CR) method is
employed into the proposed algorithm.

This paper is organized as follows. The NUSD model
is introduced in Section 2, and the algorithm is derived in
Section 3. After the convergence analysis in Section 4, a
numeric example and an industrial application are given in
Section 5. At last, main conclusions are given in Section 6.

2 Problem description

Consider the following system with non-uniformly sam-
pled input data, as depicted in Fig. 1.

w(f)

u(kT+1)

¢

6] x(@t) Y@ y(kT+T)
I I S

Fig.1 Systems with non-uniformly sampled input data
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The system includes a zero-order hold H,, a linear
continuous-time invariant process P. and a sampler St.
u(t), z(¢t) and y(t) are the input, noise-free output and out-
put with additive noise respectively, w(t) is an autoregres-
sive noise. u(kT + ;) and y(kT + T) are the discrete-time
input and output, where 1" is output sampling period. Ir-
regular input sampling intervals 7;(i = 0,1,--- ,r) satisfy
70 =0and T =3, 7. So the equivalent formulation in

Fig. 1 using lifting ‘cechnique[4 2]

y(t) = z(t) + w(?) 1)
with

u; (k) = uw(kT + i 7;)

=3 4w

1

W) = o
A(zil) =14az ' 4+t an 2z

B (271) =bi,o0+ 171,1271 + bz
Bi(zfl) = bi,lzfl + ot bimgz 0 =23, 7

C(zil) =14z b deaz 24

ctenzT " (2)

where nq, np, ne and r are assumed to be known and v(¢)
is a Gaussian white noise (v(t)~N(0, c2)).
The parameter vector 6 is defined as

o — [e;fﬁzreR”“ (3)

where

0s = [a1,a2, -+ ,Gn,,b1,0,b1,1, -+ ,b1ny, 021,022, -,
bangs 3 bty bz, b, ]t € R

0 = [c1,c2,- - 7ch]T e R X!

Ns = Ng +711p + 1

n=nmns+ nec.

The information vector ¢ is defined as

olk) = [¢F (). or ()] € R

where
ps =[—x(k—1),—x(k —2), -, —x(k — na),u1(k),
ui(k—1),-- yui(k —mnp),u2(k — 1), u2(k — 2),
ua(k —mp), - ur(k—1),ur(k —2), -,
ur(k —mny)]" € R™™!
= Jw(k — 1), w(k—2), - w(k —n)]" € R™*.
At t = kT, (1) can be rewritten as
y(k) = @5 (k)0s + w(k) (4)
or
y(k) = 9" (k)0 + v (k). ()

@ Springer

Then, the challenge is to estimate the parameter vector
only using collection D® = {u(i), y(i)}"_,.

3 Filter based recursive Bayesian algo-
rithm with modified covariance reset-
ting

3.1 Recursive Bayesian algorithm

Based on the observations, the recursive Bayesian esti-
mate for (5) is obtained by maximizing the following pos-
terior probability density function (PDF) of parameters:

6 = arg max p(9| D). (6)
0

Using Bayesian theory, the posterior PDF of parameters
is expressed as

p(y(k)|6, D*~D)p(6] D*D)

P01 = D) @)

where p(y(k)|6, D*~)is the prior PDF of y(k) given 6 and
D=1,

It can be seen that p(#|D®) cannot be calculated by
(7) because both p(y(k)|0, D*~V) and p(0|D*~V) are un-
known. A feasible assumption is that p(f|D*~V) satisfies
a Gaussian distribution with mean é(k — 1) and variance
Pk —1), ie.,

p (9\17('%1)) =
nexp{—é(H‘(k—1>>TP*1<k—1><e—é<k—1>>} (®)

1

n 1
(2m) 2 |P(k—1)| 2
rameter vector 6.

where n = , and n is the dimension of pa-

Considering (5) and v(k)"N(0,02), y(k) satisfies

y(k)"N(¢" (k)0,02), then
p(y(k)o, D" ) =

S R Y A7 B AN
(27)%0u p{ 2( o )} Y

Thus, p(8|D®) is formulated as

p(y(k)|6, D"~ )p(6| DY)
p(y(k) | DE*-1) -

5exp{ _ ; (y(k) - @T(T(k)é(k — 1)) B

p(6|D™) =

where 6 = i is irrelevant to 6.

p(y(R) DE=D)(2m) o,
It is well known that maximizing the PDF of § and max-

imizing the logarithmic PDF of 0 is equivalent. So let

dlog p(6|D™)
o0 0=0(k) =0
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then

where

0k) =Bk — 1) + ., P(E)o()[y(k) - ¢" (B)(k — 1)

PR = P = 1)+ L (R)e" (h)

v

(12)
According to the matrix inversion theorem, P~*(k) can
be written as
_ T
P(k) = Pl Dekle () 1 pg 1) (13)

T 02+ T (R)P(k — Dp(k)

Set L(k) = ' P(k)p(k), the recursive Bayesian algo-
rithm is summarized as
O(k) = (k — 1) + L(k)[y(k) — ¢* (k)0(k — 1)]
_ P(k —1)p(k)
HEY= e 4 om0 Pk — 1o(h)
P(k) = [T — LK) ()] P(k — 1), (14)

There are two problems in the RB algorithm:

1) The x(k — i) in ¢(k) is unknown, w(k —¢) and v(k — 1)
are unmeasurable.

2) The o2 is unknown.

A good solution to issue 1) is to adopt the auxiliary model

[1-2]

principle , i.e.,

In other words, the unknown variables are replaced by
their estimates respectively, and this replacement does not

affect the convergence of the algorithm!?".
Define
5. (k
B(k) = {“f ( )} eR™! (15)
@n(k)
where
Gs(k) = [-2(k — 1), —2(k = 2),- -+ , —2(k — na), u1(k),
( ) aul(k_nb)7u2(k_1)7u2(k_2)7
yug(k—mnp), - ur(k — 1), ur (k= 2),-- -,
ur(k —np)]" € R™ <!
—(k—ne)]" € R™*1
(16)

Considering (4) and (5), #(k), w(k) and o(t) are calcu-
lated as

(k) = @a (k)0s(k)
(k) = y(k) — 2(k)
(k) = y(k) — @" (k)A(k).
The  variance of the noise is  estimated
simultaneously[SO’ 311,
)=, ! I (e N L V(0] M (T

In (17), 9*(k) is unknown when 6 is being estimated, so
62(k) cannot be calculated directly, and thus it is substi-
tuted by 62(k —1). Then, the recursive Bayesian algorithm

for (5) becomes

Bk) = 0k — 1) + LB (k) — S (R)A(k — 1]
- Plk— 1)§7 (k)
LR = a0k 1) + g7 (k) Pk — 1) (k)
P(k) = [In — LG () P(k — 1). (18)

It can be seen that the RB algorithm is a weighted
least squares (WLS) algorithm with time-variant weight-
ing factor Az(k - Similar to traditional WLS algo-
rithm, this weighting does not affect the convergence of the
algorlthmm] .

Another form of estimate for 6 is as!*¥

Z o2(i — 1) POV
i=1

(19)
(19) exists, and L is the

() = {Z (i 1)¢<¢>¢T<i>}

i=1

It is supposed the inverse []™" in
number of the samples.
Using (4) and (19),

where 6 is the true value of parameter 6.
By the assumption of stationary ergodicity, i.e.,
lim | S°r_, ¢(k)v(k) = E [@(k)v(k)] with probability one,

where E(-) is the expectation operator. So

Jfim, {0

—ler;o{ > ol }

k=1

)= 00} = CTE@R(K)  (21)

where

The RB estimate obtained by (19) is unbiased when
E (¢(k)v(k)) = 0. In other words, unbiased estimate can
be obtained when @(k) is uncorrelated with v(k). If v(k) is
a white noise, the condition is satisfied. Though the algo-
rithm in (18) can give unbiased estimate for (5) when v(k)
is a white noise, the computational cost of (18) is heavy
with 4n? flops.
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The RB algorithm for (4) is as

Bu(k) = Bu(k — 1) + Lu(B)y(k) — g7 (k) (k — 1)]
Pu(k— )@Y (k
Lath)= ok — 1) 1+ T (R)Pa(k — 1)@T (k)
Pu(k) = I, — Lo(k)$T (R Pa(k — 1) (22)
So

Jim {5S(L) - 950} = CT'E(gs(k)w(k))  (23)
where Cs = Llim { B S @s(k)gaz(k)} and 05 is the true
value of 6,.

It can be seen from (23) that the estimate 6, (L) obtained
by (22) is biased because of the colored noise w(k).

3.2 Filter based recursive Bayesian algo-
rithm
In order to obtain unbiased estimate with less compu-

tation, filter technique is employed to whiten the colored
noise. Multiply both sides of (4) by C(z™ 1)

yr (k) = o5 (k)0s + v(k) (24)

where

{yf(k) = C(z")y(k)
o1 (k) = C(z" ps(k). (25)

Applying the RB algorithm to (24) gives the filter based
RB (F-RB) algorithm:

(26)
where 62(k — 1) is the estimate of o2 at (k — 1)T. For the
noise w(k) = C(Zl_l)v(lc)7 the RB algorithm is used again

to estimate the coefficients of C'(z71):

On(k) = 0n(k — 1) + Ln (k) [ (k) — @p (k)0 (k — 1)]
_ Po(k —1)$n (k)
Ltk = 52k~ 1) + G (k) Pulk — 1)@ (k)
Po(k) = [In. — Ln (k)@ (k)| Pa(k — 1)
(27)
where
O () = [61(k), é2(k), -, én, (k)] € R
On(k — 1) = [e1(k — 1), é2(k — 1), -+, én. (b — 1)]"

The C(z71) in (25) at t = kT is unknown. A feasible
way is to replace it by its estimate at t = (k — 1)T, i.e.,

@ Springer

C(k—1,271). So (25) is rewritten as

(28)

It is easy to find that if the colored noise is not an autore-
gressive noise, what we need to change is the form of the
filter. In other words, this algorithm can be used to identify
systems with autoregressive, moving average or autoregres-
sive moving average noise.

3.3 F-RB algorithm with modified covari-
ance resetting

For faster convergence, the covariance matrix resetting
technique is employed. Although there are many resetting
techniques, the aims of these operations are to obtain good
tracking of time-varying parameters, so the diagonal ele-
ments of the covariance matrix after resetting tend to be
constant, rather than zero. This resetting algorithm im-
proves the estimator’s sensitivity to the noise and leads to
frequent jitters of estimates inevitably. In order to increase
the speed of convergence, a modified covariance resetting
method for time-invariant systems is proposed.

1) For filtered system:

Aorl, 0< A k)< ™y
P, (k) = n

Po(k), Ask)>""y (29)

n
with

A (k) = tr(Ps(k — 1)) — tr(Ps(k))
0 < Amin(Ps(k)) < Aok < Amax(Ps(k))

where + is a positive number specified by user, Amin(-) and
Amax(+) are the minimum and maximum eigenvalues of cor-
responding matrices respectively, tr(-) denotes the trace of
a matrix.

2) For noise,

And, 0<An(k) < "y
Po(k) = "
Po(k), An(k)> "y (30)

with

Ap(k) = tr(Po(k — 1)) — tr(Pn(k))
0 < Amin(Pr(k)) < Ank < Amax(Pr(k)).

The F-RB with CR (F-RB-CR) algorithm is summarized
as follows and its flowchart is shown in Fig. 2.
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( Start )
I

Initialize

—

Collect u,(k), y (k)

!

Calculate y,(k), ¢, (k)

!

Estimate 4, (k)

Estimate 6, (k)

Update &7 (k)

|

Let
k=k+1

Fig.2 Flowchart of the F-RB-CR algorithm

Step 1. Set u;(k) =0, y(k) =0, £(k) = 0, w(k) = 0,
(k) = 0, 62(k) = 1 for k < 0. Set Ps(0) = poln,,
05(0) = 1:;; Pp(0) = poln,, 02(0) = e where po = 10°;

e R™*! 1, € R"*! whose elements are all 1. Set
kE=1.

Step 2. Collect u;(k) and y(k)

Step 3. Calculate §7(k) and @ (k) by (28)

Step 4. Estimate 0, (k) by (26)

Step 5. Reset Ps(k ) by (29) if needed

Step 6. Estimate 0, (k) by (27)

Step 7. Reset P,(k) by (30) if needed

Step 8. Calculate 62(k) by (17)

Step 9. Let k =k + 1, if £k < L, go to Step 2, else save

the estimate and terminate.

4 Convergence analysis

Equation (26)—
equivalent forms:

(28) are converted into the following

— & (k)B(k-1)]

(31)
where
Plk) = P, (k) 0
0 P, (k)
_ ws(k)
= Lon(m]

The matrices Ps(k) and P,(k) are symmetric and posi-
tive definitive, 0 Amin(Ps(k)) < Asx < Amax(Ps(k)) and
Amin(Pr(B)) < Ak < Amax(Pn(k)), where Amin(-) and
Amax(+) are the minimum and maximum eigenvalues of the
corresponding matrices. It is well known that the CR op-
eration does not affect the convergence tendency of the
estimator®®!, but only has effect on the convergence rate.
So Theorem 1 can be gotten.

Theorem 1. Consider algorithm (31) subject to a white
noise sequence {v(k)|v(k)~N(0,02)}. And assume that
&2(k) is bounded, there exist positive «, 3, which make the

following excitation:

k

< S E()E () < 6B (32)

Jj=1

where E, = blockdiag[FEn,, I, ] € R"™™ is a block diag-
onal matrix, E,, € R™*™ is a symmetric and positive
definite matrix, and I, is an identity matrix. Then,

lim A(k) = 6o (33)

k—oo

where 0 is the true value.
Proof. Subtract 6y from both sides of first equation of
(31) and replace y(k) by (¢ (k)80 + v(k)):

0(k) =0(k — 1) + P(k)S(k) + P(k)R(k)—

U)K (k) (34)
where
6(k) = G(k) — 6o
Ok —1)=0(k —1) — 6
S0) = 4o _ 1) Pek) — B4
1 -
R = ) @)
K(K) = s 1) PRET (0K~ 1),

Multiply (34) by P~(k), and consider second equation
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340
of (31):

P (k)0(k) =P (k — 1D)A(k — 1) + S(k) + R(k) =

Multiply (35) by P(k),

k k
O(k) = P(k)P~'(0)0(0) + P(k) Y S(j) + P(k) Y R(j)-

(36)

Consider klim P(k) =0, and P~1(0)4(0) is a constant de-

termined by the user, then  lim P(k)P~1(0)4(0) = 0. As-

sume that [p(k) — @(k)] is bounded, consider klim P(k)=0
and (31), then

k
Jim P(k) Y S(5) =
" k
lim P(k) Z 52— 1)PDle() = @(7)] 60 =0

k
Jlim P(k) Z R(j) =
J= ) X 1
lim P(k) Z 520 - 1)¢(J)U(J) =0

Three terms of the right side of (36) tend to be 0 when
k — +oco. That is to say: klim 0(k) = 0, and then (32)
follows. m

5 Example

5.1 A numerical example

Consider the following system with non-uniformly sam-
pled input data:

International Journal of Automation and Computing 15(3), June 2018

where

A(z7')=1-0.58032"" 40.82902"2
Bi(z7") = 0496 727" +0.1023277
By(27') = 0.581 027" +0.2734z7>
C(z")=1-0.28652"".

Using the proposed F-RB-CR algorithm, the result is
shown in Tables 1—2, where the variance of the noise is
0.4% and 0.62 respectively. The estimation error are shown
in Fig.3. The results using the F-RLS algorithm™! are
shown in Tables 3 and 4 and taken for comparison. The
estimates of the proposed algorithm versus k are shown

in Fig.4. Here, the estimation error is defined as § =
1ot =toll 507
160l ’
100 . . .
% £ —— F-RLS (¢°=0.4%
lii — — = F-RLS (6*=0.6?)
80 - —-—-— F-RB-CR (6*=0.4%)[{
obd e F-RB-CR (*=0.6%)|l
60 [ “i¢
S 4
E 5ot b
< R
40
30t 4
20k LN
N
ol e R |
09 100 200 300 400 500 600
k

Fig.3 Estimation errors versus k using the F-RLS and F-RB-
CR

It can be seen that:

1) The estimation errors of the two algorithms become
small when k is increasing.

2) The accuracy of the F-RB-CR is higher than the F-
RLS (see, e.g., Fig. 3).

3) The estimation errors of the two algorithms fall rapidly
in the initial stage of identification, and then descend slowly.
And the curve of the proposed algorithm is steeper than
that of the competitor when k£ < 100, which means the
proposed algorithm converges quickly than the compared

Bl(z_l)

1

algorithm.

Table 1 Results using the F-RB-CR (02 = 0.42)

wly = i) )+ )
k a1 as b1

100 —0.5135 0.7497 0.528 8
200 —0.563 1 0.8092 0.502 6
300 —0.5620 0.8337 0.5071
400 —0.5792 0.8445 0.4921
500 —0.5892 0.8333 0.4981
600 —0.5853 0.8386 0.5000

True values —0.5803 0.8290 0.496 7

@ Springer

bi2 b21 b2z c1 5(%)
0.2039 0.549 6 0.2376 —0.3218 12.008 5
0.1276 0.556 6 0.2512 —0.2738 3.8323
0.1187 0.5600 0.246 8 —0.2555 3.9999
0.1104 0.585 3 0.256 8 —0.2800 1.9342
0.093 5 0.574 4 0.2649 —0.2649 2.0701
0.0920 0.5795 0.2614 —0.2854 1.4661
0.102 3 0.5810 0.2734 —0.2865
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Table 2 Results using the F-RB-CR (02 = 0.62)

bi2 ba1
0.1937 0.600 5 0.
0.1493 0.594 5 0.
0.1391 0.594 9 0.
0.1273 0.6149 0.
0.1172 0.5957 0.
0.1125 0.598 6 0.
0.1023 0.5810 0.

Table 3 Results using the F-RLS (02 = 0.42)

bi2 b21
0.028 2 0.568 3
—0.0138 0.6099
—0.0341 0.5936
—0.0119 0.609 2
—0.056 6 0.6131
—0.0552 0.6125
0.1023 0.5810

Table 4 Results using the F-RLS (o2 = 0.6%)

k al asz b11
100 —0.4118 0.6510 0.5526
200 —0.4873 0.7152 0.504 9
300 —0.496 7 0.7707 0.5000
400 —0.5493 0.7903 0.478 5
500 —0.5897 0.808 6 0.4874
600 —0.5730 0.8274 0.4912
True values —0.5803 0.8290 0.496 7
k ay as b11
100 —0.4428 0.5241 0.2619
200 —0.5715 0.7315 0.3188
300 —0.5797 0.7630 0.3176
400 —0.6027 0.7707 0.3214
500 —0.6251 0.8471 0.3416
600 —0.6111 0.8299 0.334
True values —0.5803 0.8290 0.496 7
k ay as b11
100 —0.4805 0.5127 0.1887
200 —0.5633 0.6799 0.2234
300 —0.5536 0.7241 0.2324
400 —0.564 6 0.7343 0.2384
500 —0.5794 0.8313 0.278 3
600 —0.5585 0.8164 0.265 6
True values —0.5803 0.8290 0.496 7
0.5 1
0
S $'0.5
-0.5
,‘l 0
1] 200 400 600 1] 200 400 600
k
1 0.5
1]
<05 S
-0.5
0 -1
0 200 400 600 0 200 400 600
k
0.8 0.8
0.6 0.6
$04 £10.4
02 0.2
0 0
1] 200 400 600 0 200 400 600
k
1
-
S -1
-2
-3
0 200 400 600
k
Fig.4 Estimates versus k using the F-RB-CR (02 = 0.42)

bi2 ba1
—0.0223 0.6376
—0.0101 0.648 2
0.0249 0.6160
0.0725 0.6302
0.069 6 0.6239
0.0735 0.624 3
0.1023 0.5810

3005
2948
2801
2860
2918
2792
2734

0.6133
0.4744
0.446 2
0.4224
0.3892
0.3958
0.2734

0.699 3
0.5753
0.565 6
0.5485
0.526 0
0.536 4
0.2734

341
C1 5(%)
—0.2394 20.536 2
—0.2363 12.3427
—0.2385 8.9750
—0.2558 5.6478
—0.246 7 4.0744
—0.2673 2.2549
—0.2865
1 8(%)
—0.6158 47.2636
—0.4821 27.494 2
—0.4534 25.2196
—0.4318 22.7378
—0.4129 21.4947
—0.4113 21.7198
—0.2865
C1 5(%)
—0.5330 51.2149
—0.4160 35.3850
—0.3919 32.3039
—0.3770 30.308 1
—0.3702 26.1470
—0.3727 27.4058
—0.2865

 (m/s)

0> ()

40
k

0 20

Fig.5

60

5.2 A gas furnace

80

Input data

The gas furnace was considered firstly by Box and Jenk-

ins, in which air and methane were combined to form a

mixture of gases containing COs (carbon dioxide)®¥. The

air feed was kept constant, but the methane feed rate could

be varied, and the resulting CO2 concentration in the off-

gases was measured. The input gas rate (u(k)) is selected

as input variable and the concentration of the output COa2,
i.e, (y(k)), as the output variable.
the concentration of the output COa, i.e, y(k), as the
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output variable

The original data were modified to NUSD form: the out-
put sampling period is 27 s, and irregular input sampling in-
tervals are 71 = 9 and 7 = 18s. 80 samples were adopted,
among which first 60 were used for modeling and the next
20 were used to validate the model. These samples are de-
picted in Figs. 5 and 6.

62 T T T T T T T
60

58

50

48

46

M 0 10 20 30 40 50 60 70 80

Fig.6 Output data

The selected model structure is of the form

BQ(Zil) 1

_ BT .
= A1) 2B+ oy

y1(k) A(z-1) u11 (k) + v(k)

with

A(zfl) =14 a1z 4+ asz72
Bl(zfl) = 111,1271 + 51,2272
Bg(zfl) = b2,1271 + 52,2272

Cz =14z

wn (k) = wi(k) - | > i)

1 L
U22(k') = u2 (k) I ; UQ(’L)
k) =y(k) = ; 3y

The estimate obtained by the proposed algorithm is as

[a1, az, c1] = [—0.2049, 0.0208, —0.9484]
[b1,17b1,2,b2,17b2,2] =
[~0.8775, —0.7103, 0.1755, —0.8891] .

The mean square error is 0.061 6. The estimate versus k
is shown in Fig. 7.

The comparison between the observed outputs and pre-
dicted outputs obtained by using the later 20 inputs and
estimated model is shown in Fig. 8.

@ Springer
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Fig.7 Estimates of the gas furnace versus k
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Fig.8 Comparison of the observed output and the predicted
output

6 Conclusions

For the identification of systems with non-uniformly sam-
pled input data, a filter based recursive Bayesian algorithm
with covariance resetting is presented. In this algorithm,
estimated noise transform function is used to whiten the
colored noise, and then the recursive Bayesian algorithm
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is taken to estimate the parameter vector. A modified co-

variance resetting is also integrated into the algorithm for

faster convergence. A numeric example and a gas furnace

data were used to validate the algorithm. The proposed
method can be extended to identify other linear or linear-

in-parameters systems with colored noise.
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