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Abstract Bilinear systems are a special class of nonlinear systems. Some systems
can be described by using bilinear models. This paper considers the parameter iden-
tification problems of bilinear stochastic systems. The difficulty of identification is
that the model structure of the bilinear systems includes the products of the states
and inputs. To this point, this paper gives the input—output representation of the bilin-
ear systems through eliminating the state variables in the model and derives a least
squares algorithm and a multi-innovation stochastic gradient algorithm for identify-
ing the parameters of bilinear systems based on the least squares principle and the
multi-innovation identification theory. The simulation results indicate that the pro-
posed algorithms are effective for identifying bilinear systems.

Keywords Parameter estimation - Least squares - Multi-innovation identification -
Bilinear system

1 Introduction

The parameter identification of linear systems has been mature [31,32], and many
identification methods have been developed, e.g., the recursive identification methods
[25] and the iterative identification methods [34,44]. By comparison, there is a lot
of research space for the parameter identification for bilinear stochastic systems. The
identification of bilinear systems has been studied for a long history, at least more
than four decades. Earlier work on identification for bilinear systems exists: Karanam

B Dandan Meng
ddmeng12@126.com

Key Laboratory of Advanced Process Control for Light Industry (Ministry of Education), School
of Internet of Things Engineering, Jiangnan University, Wuxi 214122, People’s Republic of China

Birkhauser


http://crossmark.crossref.org/dialog/?doi=10.1007/s00034-016-0337-0&domain=pdf

Circuits Syst Signal Process (2017) 36:1052—-1065 1053

et al. [26] utilized the Walsh functions for bilinear system identification; Fnaiech and
Ljung [19] discussed recursive identification methods for bilinear systems. In respect
of nonlinear system identification, the heuristic optimization techniques seem to be
very helpful and have been used in system identification [3,5], control engineering
[6,12,30], parameter estimation [2,4] and the Lorenz chaotic systems [1]. By means of
the heuristic algorithms, Modares et al. [29] proposed an adaptive particle swarm opti-
mization (PSO) algorithm to estimate the parameters of bilinear systems, increasing
the convergence speed and accuracy compared with the basic PSO algorithm. Gibson
et al. [20] developed a maximum-likelihood parameter estimation algorithm of bilin-
ear systems. Inspired by the fixed point theory, Li et al. [27] presented an iterative
algorithm to recursively identify bilinear models. Lopes dos Santos et al. [28] iden-
tified the Wiener—Hammerstein bilinear system using an iterative bilinear subspace
identification algorithm.

In the field of nonlinear system identification, much work has been performed for
decades [41]. A class of nonlinear systems can be described by a static nonlinearity
followed by a linear subsystem. For such nonlinear systems, a decomposition-based
Newton iterative identification method [14] and a hierarchical parameter estimation
algorithm [33] were developed. Also, Chen et al. [9] presented a hierarchical gradient
parameter estimation algorithm for Hammerstein nonlinear systems using the key
term separation principle. Wang and Zhang [43] derived an improved least squares
identification algorithm for multivariable Hammerstein systems.

The least squares (LS) methods are basic in system identification [18,39]. For exam-
ple, for a class of linear-in-parameter output error moving average systems, Wang and
Tang proposed an auxiliary model-based recursive least squares (RLS) algorithm [42];
Hu [21] developed iterative and recursive LS algorithms to estimate the parameters of
moving average systems; Cao et al. [7] have presented a novel two-dimensional RLS
identification approach with soft constraint for batch processes, which can improve
the identification performance by exploiting information not only from time direction
within a batch but also along batches. Recently, Ding et al. [15] presented an auxil-
iary model-based least squares algorithm for a dual-rate state space system with time
delay using the data filtering and a Kalman state filtering-based least squares itera-
tive parameter estimation algorithm for observer canonical state space systems using
decomposition [17].

Multi-innovation identification is an important branch of system identification [13].
The innovation is the valuable information which can improve parameter or state
estimation accuracy. In this respect, Ding [13] proposed the innovation-based identi-
fication theory and methods, by expanding a scalar innovation to an innovation vector
and then to an innovation matrix. Based on this theory, Hu et al. [22] suggested a
multi-innovation generalized extended stochastic gradient algorithm for output non-
linear autoregressive moving average systems.

This paper focuses on the parameter identification problems of bilinear stochastic
systems. It is organized as follows. Section 2 derives the identification model for
bilinear systems. Sections 3 and 4 propose a RLS identification algorithm and a multi-
innovation stochastic gradient (MISG) identification algorithm. Section 5 provides
two simulation examples to prove the validity of the proposed algorithms. Finally,
some concluding remarks are made in Sect. 6.
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2 The Identification Model for Bilinear Systems

In this section, we describe a bilinear system and derive its identification model for
parameter estimation. Let us define some notation. “A =: X” or “X := A” represents
“A is defined as X,” and z~! stands for a unit forward shift operator with the following
properties:

f@) = ft+n),
" fg) =["f(D)1glt) = ft +n)gt),
'fMgM] = f+m)"gt) = f(t +n)gt +n).

Assume that the bilinear systems under consideration have the following observ-
ability canonical form [11]:

x(t+1)=Ax(@) + Bx(H)u(t) + fu(?), (1
y(@) = hx(1), )
where x (¢) := [x1(¢), x2(t), - - - , x,(t)]" is the n-dimensional state vector, u(t) € R

and y(¢) € R are the input and output of the system, respectively, and A € R**",
B € R™", f ¢ R" and h € R are constant matrices and vectors:

0 1 0 0
0 0 1 0
A= : : : - : )
0 0 0 1
L —dn —dp—1 —Ap-2 teroo—ar |
0 0 0 0 7]
0 0 0 0
B .= : : : : ’
0 0 0 0
L by —by-1 —by o =by _
f=[AFf . foot, fu]', R:=[1,0,...,0,0].

Define the following polynomials:

AR) =l14+az " daz 2+ + a2,

B()=biz bz 4+ bz,
C@)i=ciz ' 4z 2+ +euz ™,
D(2)i=daz > +d3z > 4 4 dz "
The coefficients ¢; and d; can be determined using a;, b; and f;. Referring to the

method in [11], eliminating the state vector x(¢) in (1)—(2), we have the following
input—output relation,

Birkhauser



Circuits Syst Signal Process (2017) 36:1052—-1065 1055

[A(2) +ut —n)B()]y(1) = [C(z) + u(t —n) D(2)Ju(r).

Since the practical systems are always interfered with various factors, e.g., stochastic
noise, introducing a noise term v(¢) € R, we have

[A(z) +ut —n)B(2)]y#) = [C(z) +u(t —n)D(2)]u(t) + v(@). 3)
Define the parameter vector 6 and the information vector ¢(¢) as

0 — [aT, bT, cT’dT]T c R4n—1’
0(1) == @10, ult = @}, @0 ult =g | e BT,

where

a:=lay,az,....,a,]" €R", b:=1[by,bs,...,b,]" € R",
c:=[cr.co,....cn]" €R", d:=[dr,d3,...,d,]" e R",
oy(1) :=[-yt—1,—yt—=2),..., =yt —n)]" e R",
@,1) =[u—1),u—2),...,u(t —n)]" € R",
0i(®) = [u@ —2),ut —3),...,ut —n)" e R""\.

Inserting A(z), B(z), C(z) and D(z) into (3) leads to
y(t) = @' ()0 + v(1). 4)

Equation (4) is the identification model of the bilinear system with white noise.

The objective of the paper is to develop new identification methods for estimating
the parameters a;, b;, ¢; and d; or the parameter vectors a, b, ¢ and d, from the
observation data {u(¢), y(¢r) : t =1,2,3,...}.

3 The Recursive Least Squares Identification Algorithm

In this part, aiming at the model in (4), we propose the RLS estimation algorithm so

that online identification can be carried out. Using the data with t = 1,2, ...,1, we
define
y(D) o'(1) v(1)
y(2) 0'(2) v(2)
= . eR, I := . e RP*Gn=D y .~ . e R'.
y() o' (1) v(1)
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According to (4), define a quadratic criterion function
J () := (Y, — [,6)" (Y, — I,0)

t
= > [y - o' (o]’

j=1

Minimizing the criterion function J (@) and letting the partial derivative of J (@) with
regard to @ be zero, we obtain the least squares estimate of 6:

6y = (r'n)”' 'y, )

where é(z) is the estimate of € at time 7, é(O) is a very small real vector. To derive the
recursive least squares algorithm conveniently, define the covariance matrix P (¢) as

P '(t) :=I'T, e R (6)
Using the definition of I3, it follows that
t
=D 09D =P =D +e®e' "), PO)=pols-1>0. (7
j=1

To avoid computing the matrix inversion of P (¢), applying the matrix inverse lemma
(18]

(A+BC) '=A"1"-A"'BU+cAaA'B)y'ca™!
to (7) gives
Pt)=P@t—1)— Pt — Do+ OPE—De®] '¢" ()Pt —1). (8)
Using (6) and from (5), we have
0(1) = P(OI}Y,

= PO [I] 1.00)] [Y’(t)‘}
Yo+ em)y®)]
= PG = DI Y +9(0y()]

= Po[r-
=P0 [P
= PO [Pt =1~ 1) + o)y
[P0 =090 ] = 1)+ POR0y()

== 1)+ PWe® [y0) -’01 - D). ©

= P()
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Combining (8) and (9), we can obtain the RLS algorithm for estimating the parameter
vector 6 in (4):

61) = 06— 1D+ Pe®) [y(0) = 9" 0h D] (10)

PO)=P(t—1)— Pt —Do®) |1+ )Pt — 1)</>(t)]_1 P (Pt — 1),
(11

f@-{w@m@—@%ﬁ)%@m@—m%aﬂ, (12)

Q) = [t = 1), u(t =2).... u(t = )], (13)

9i(t) = [u(t =2),u(t =3).....uGt =),

¢}a>— N R S} (14)

(0. 820). .. @] b =610, b0, 0]

-

[EU>F0)80)JOJ

[

[a®.60, ... &0, do=[bo.d0.....do] . a3

The computational amount of the RLS algorithm for bilinear systems is given in
Table 1 and its has (64n> — 8n — 2) flops. The RLS algorithm is simple and can be
implemented online.

4 The Multi-Innovation Stochastic Gradient Identification Algorithm

Based on the identification model in (4), we can acquire the stochastic gradient (SG)
identification algorithm;

0 =60 —1)+ %e(t) (16)
e(t) = y(1) — 9" (8t — 1), (17)
r@®)=r@t—1+le®|* r©0) =1, (13)
Table 1 Computation load of the RLS algorithm
Variables Numbers of multiplications Numbers of additions
() =0 —1)+ L@t)e(® 4n —1 4n —1
e(t) = y(t) — T ()0t — 1) 4n—1 dn —1
@) := Pt — Do(t) (4n —1)? @n—1%r=@n-1)
L(t) =¢(0)/[1+ T ()¢ (1)] 2(4n —1) n —1
P(t)=P@—1)— LOLT() (4n — 1)? (4n — 1)?
Sum 3202 -2 32n% — 8n
Total flops Ny = 64n% —8n —2
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where the norm of a matrix X is defined by || X ||? := tr[X X"]. It is well known that the
SG algorithm has slow convergence rates, in order to improve the situation, expanding
the scalar innovation e(¢) to an innovation vector [40]:

y(t) — @"(N8( — 1)

—D—@'t—10—1
L

E(p,t) :=
Yt—p+1)—@"t—p+ DO —1)
Define the information matrix @ (p, t) and the stacked output vector Y (p, ) as

O(p,1):=[pt), @t — 1), ..., 0 — p+ 1)] e RW=Dx»,
Y(p,t) :=[y@),y@t—1),...,y¢t—p+ D] e R”.

Then the innovation vector E(p, t) in (19) can be expressed as

E(p,t)y=Y(p,1) —®"(p,1)0(t — 1).

We can obtain the MISG algorithm for bilinear systems:

o) =00c—-1+ %E(w» 0(0) = 14,1/ po. (20)
E(p,0)y=Y(p,1) — ®"(p, 8t — 1), 1)
r)=r@t—=1D+|®(p. 0] r0) =1, (22)
Y(p.t) = [y(®), y(t = ...yt — p+ DI, (23)
D(p.1) =[p1), 9t — 1), ..., 00— p+ D), (24)
@) = @30 ult = @} (1), 0} (1), ult = meln) |, (25)
0, ) =ult—1,u—2),...,ut —n),
0i() = [u(t —2),u(t —=3), ..., ut —n)|", (26)
OL() = [—y(t — 1), =y(t = 2), ..., —y(t — m)], 27)
0(1) = [&T(t), IST(z),éT(r),éT(t)]T. (28)

In this algorithm, E(p,t) € R? is an innovation vector (i.e., multi-innovation).
When p = 1, the MISG algorithm reduces to the SG algorithm.

The advantage of the multi-innovation identification method is that it makes full use
of the identification innovations and can raise the convergence speed to a certain degree,
and the stationarity of data can improve identification accuracy. The computation
amount of the MISG algorithm for bilinear systems is (24 pn — 5p) flops as given in
Table 2.

Equation (22) can be modified as

r@) =r—1D+le®|, r©)=1. (29)
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Table 2 Computation load of the MISG algorithm

Variables Numbers of multiplications Numbers of additions
by =60—1+2B0E@p, 1 pln—1)+p pldn —1)
E(p.)y=Y(p.1) — ®T(p. 0t — 1) p(n—1) pdn —1)
r@) =rt =1+ 2p.0l* pln —1) pldn —1)
Sum 12pn —2p 12pn —3p
Total flops Ny :=24pn —5p
Table 3 RLS parameter estimates and errors
t —ai —ap —b —by cl c dy S (%)
100 0.89217 0.49346 —0.79428 —0.30942 0.24393 —0.58939 —0.26156 5.87185
200 0.89513  0.49579 —0.79304 —0.31000 0.26787 —0.60345 —0.23819 4.13730
500 0.89354 0.49763 —0.79764 —0.31021 0.32176 —0.60339 —0.25662 2.71974
1000 0.89228 0.50774 —0.79775 —0.31463 0.32659 —0.62217 —0.25235 1.57060
2000 0.89747 0.51815 —0.79345 —0.31142 0.32088 —0.63723 —0.24934 0.43879
3000 0.90053 0.52128 —0.79461 —0.31199 0.31321 —0.64414 —0.24820 0.53781
True values 0.90000 0.52000 —0.79300 —0.31200 0.31500 —0.63650 —0.24980
Mean values  0.89597 0.51285 —0.79498 —0.31378 0.3101 —0.62406 —0.25146
Standard 0.024515 0.03157 0.032438 0.059533 0.042088 0.045866 0.044199
deviation
035 T T T T
0.3 N
0.25 i
0.2 1 N
%=
0.15 b
0.1 8
0.05 i
0 1 1 1
0 500 1000 1500 2000 2500 3000

Fig. 1 RLS parameter estimation errors § versus ¢

In order to track the time-varying parameters, we must introducing a forgetting factor

X in (22) and get

r@) =it — D)+ [®(p, DI, r©0) =1,

(30)
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Table 4 SG parameter estimates and errors

t —ai —an —by —by cl (%) dy § (%)

100 0.57860 0.34192 —0.67618 —0.26261 —0.17343 —0.21990 —0.01173 40.94876
200 0.61708 0.34365 —0.68975 —0.26434 —0.16846 —0.22591 —0.01799 39.02828
500 0.65672 0.34747 —0.70040 —0.26039 —0.15787 —0.23694 —0.02676 36.89670
1000 0.66891 0.35149 —0.70082 —0.26111 —0.15119 —0.24285 —0.03053 36.07331
2000 0.69398 0.35964 —0.71040 —0.26120 —0.14445 —0.24981 —0.03495 34.66370
3000 0.70161 0.36168 —0.71158 —0.26163 —0.14058 —0.25343 —0.03751 34.16188

True values ~ 0.90000 0.52000 —0.79300 —0.31200 0.31500 —0.63650 —0.24980
Mean values  0.66372 0.26183 —0.59899 —0.07633 —0.12658 —0.30271 0.17034

Standard 0.042447 0.037624 0.017994 0.034471 0.0085074 0.01019  0.011887
deviation
or
2
r@)=xrr@—1) +lle®l, r0) =1. (31)
5 Examples

Example 1 Consider the following bilinear system:

[A(@) +u(t —n)B(2)]y(®) = [C(2) +u(t —n)D()]u(t) + v(1),
A@Q) =14a1z7 ' +az 2 =1+0.90z7" +0.52:72,

B(z) = b1z ' +byz72 = —0.793:71 — 0.312772,

Ci)=ciz ' + 272 =0315"" - 0.6365:72,

D(z) = drz 2 = —0.24987 72,

The parameter vector to be estimated is given by

0 = [ai,a2,b1, b2, c1, 2, da]"
= [0.90, 0.52, —0.793, —0.312, 0.315, —0.6365, —0.2498]".

In simulation, we adopt an independent persistent excitation signal sequence with zero
mean and unit variance as the input {«(¢)}, and a white noise sequence with zero mean
and variance o> = 0.50% as {v(¢)}. Applying the recursive least squares algorithm
in (10)—(15) to compute the parameters estimates 0(t) of the system, the parameter
estimates and the estimation errors are given in Table 3, the estimation errors § versus
the data length ¢ is shown in Fig. 1. The parameter estimation errors are computed by
§:=10()—0l/10].

From Table 3 and Fig. 1, we can see that the RLS parameter estimation errors
become smaller with the increase of ¢.

Birkhauser



1061

Circuits Syst Signal Process (2017) 36:1052—-1065

ELTITLT 6801C0— CIe8e0— LYLLT O~ ¥000€°0— SILBL O~ 098050 LLT680 000T
0060581 £690C°0— §979¢°0— 1961C°0— 9LL6T 0~ 6LSLLO— CL10S0 €880 0001
7€98°61 ¥290T°0— 6LEVE0— 1€6ST°0— 20€8T0— TTE8L'0— 7068¥°0 96£88°0 00§
SO0 T S1961°0— L980€0— L00TE 0~ §666C°0— 896SL°0— €rr8Y°0 L6€98°0 00¢
01STY'vC y81°0— 1€98C°0— 08LSE0— 0980¢€°0— 1S€EL0— £Srev°0 £YCe8’0 001
¥8L00°0 LT6YC0°0 1985€0°0 eIIs100 866€10°0 1121070 L9LEO0 UONEIASD plepuels

€9¢81°0— SoevT0— 6SLLTO— 8810€°0— CEILL'O— LS89Y°0 wry80 sonfeA uesJA

ce0v0°sT LSBT0~ ¥189C°0— 8¢IvC0— L000E0— VI8LLO— L66LY0 966980 000¢
9LYTL ST 08981'0— 1L8ST0— 196ST°0— 886C°0— €COLL 0~ CLLLYO 6€658°0 000T
L6SST'LT L9T8T0— 901¥C0— CS18CT0— Y010€°0— SS89L°0— SIS9%°0 6CrY80 0001
ISLIY'8C PEI81°0— cevec0— CLLOE0— EPY6T 0— LLTLL O~ S9eSy0 61LE8°0 008
6S810°T¢ 60CLT 0~ 61761°0— 100S€°0— 6181¢°0— 060SL°0— 8ILYY0 £666L°0 00¢
£860C°¢E 9€91'0— €ECLT 0~ TIELE0— 086€€0— SEeTL 0~ 99¢H¥°0 S109L°0 001
S¥65500°0 7880200 LY1TC0°0 £€56910°0 G9¢C10°0 L96€10°0 866€0°0 UONEIASD plepuels

SheeT0— 8¥1S1°0— 1€6CC°0— ¥280¢€°0— LLTOL 0~ °80EY'0 Y9¢€6L°0 sonfeA uesJA

086¥C°0— 059¢€9°0— 00S1€0 00CIE0— 00€6L°0— 0002s°0 000060 sonfeA anig,

L960L'TE 88CEC0— LTTLT 0~ LTLOTO0— £€820€°0— 9€CLL0— ey o ¥¥0C8°0 000¢
§Teeete 9TEET0— 80Y91°0— L6STT0— 86C0¢0— 88I1LL 0~ SS6EY0 L6TI8°0 000T
CBILL'EE LI€ET 0~ y16v1'0— c61€T0— 0980¢€°0— C86SL0— 1€9¢v°0 9¢16L°0 0001
8TLY6'VE €ISeT 0~ 16v€1'0— 06L¥C'0— 8890¢°0— €109L°0— TILTY 0 6908L°0 00¢
9¢80¥'LE 797eT0— YLOTT'0— YOvLT 0— €r0EE0— 818EL0— 6011¥°0 8LLELO 00¢
ccler6e 6S8CC0— $9660°0— 60L8C0— 0rSye0— 96CIL0— 60L0¥°0 L¥969°0 001
(%) ¢ p (%) 1o Qq— Ig— p— In— ]

SIOLI pue sjewns? 1jowered Juatpess3 DSTA- S AqeL

I
Q
1z
=
<

e
=

B

[as]




Circuits Syst Signal Process (2017) 36:1052—-1065

1062

LLLETOO #09€800°0 6505€0°0 6L£810°0 SL9¥600°0 £ve910°0 9L99600°0 UONBIASD pIepuelS

LYS1T0— 96999°0— 8SCIT°0 700€°0— 9698L°0— 610150 700680 SonfeA UBd]

GLOSS'T 08€CT0— 20299°0— 606710 L9LOE0— €698L°0— 9CIS0 767680 000¢€

TorL'T 601CC0— 29€99°0— C0LETO eLY0E 0— 6916L°0— S 2890 SL168°0 000¢

0680¢°¢ 90L1T0— 2€999°0— 66110 L186C0— 0TS8L0— 19605°0 10L88°0 0001

T1LE0Y 1€01C°0— 1€1L9°0— L8980°0 66L8C0— 1¥06L°0— 8C0S°0 9L688°0 00§

[ Y 8¢€61°0— L69L9°0— 0LS¥0°0 9¥98C°0— 6S6LL0— 61c6v°0 88668°0 00¢
£60CL9 CSILTO— GS189°0— 6€€20°0 TrL8T0— S08SL0— LOVISO €0188°0 001 8

86L,6L00°0 L€S8T00 €0LYS0°0 £56¢10°0 €8¢r10°0 LTI€10°0 £90620°0 UONBIASD pIepuel§

€8L0C°0— €169¢°0— ¥801C°0— 86T 0— 916LL0— €050 £8¢88°0 son[eA UeaJAl

G8CIY 91 €SCIT0— 9€T6E°0— 80LST0— 0L20€°0— €Cr8L0— 056050 985680 000¢
(%) ¢ p (%) 1o Qq— Ig— w— In— 1 d

[
U
@
=

H]

<

<
=

M

panunuod G JqeL,




Circuits Syst Signal Process (2017) 36:1052—-1065 1063

0-45 T T T T T

04F B

SG(MISG, p=1)
0.35 i

0.3

MISG, p=3

0.25

0.2

0.1 _

0.05 k\k\ MISG, p=8 1

O 1 1 1 1 1
0 500 1000 1500 2000 2500 3000

Fig. 2 Parameter estimation errors § versus ¢

Example 2 Consider the system in Example 1 and the same simulation conditions.
Applying the MISG algorithm to estimate the parameters of this system, the parameter
estimates and their errors are shown in Tables 4, 5 and Fig. 2, where Table 4 lists the
parameter estimates and errors given by the MISG algorithm when p = 1, i.e., the
stochastic gradient algorithm.

From Table 5 and Fig. 2, it is observed that the MISG algorithm can identify the
parameters of the bilinear system. Meanwhile, the estimation errors become smaller
as the innovation length increases. These results show that the proposed algorithms
work well for bilinear systems with white noise.

6 Conclusions

This paper derives the identification model of bilinear systems. On the basis of the
obtained model, we present a RLS algorithm and an MISG algorithm for bilinear
stochastic systems and give the state estimation algorithm. The simulation results
indicate that for the multi-innovation identification algorithm, increasing the innova-
tion length can enhance the parameter estimation accuracy, reducing the sensitivity
of the algorithm to noise. The algorithms in this paper can be extended to study the
identification problems of other bilinear systems, linear and nonlinear systems with
colored noise [16,33,35], stochastic multivariable systems [36—38], uncertain chaotic
delayed nonlinear systems [23] and hybrid switching—impulsive dynamical networks
[24], and applied to other fields [8,10].

When the uncertainty in parameters is small, the obtained parameter estimates
are close to their true values. The estimates can be taken as the real parameters for
controller design when the errors are tolerable.

Birkhauser



1064 Circuits Syst Signal Process (2017) 36:1052—-1065

Acknowledgements This work was supported by the National Natural Science Foundation of China (No.
61273194). The author is grateful to her Master Supervisor Professor Feng Ding and the main idea of this
paper comes from him and his books “System Identification—New Theory and Methods, Science Press,
Beijing, 2013,” “System Identification—Performances Analysis for Identification Methods, Science Press,
Beijing, 2014” and “System Identification—Multi-Innovation Identification Theory and Methods, Science
Press, Beijing, 2016.”

References

1.

10.

11.

12.

13.

14.

15.

16.

18.

19.
20.

21.

A. Alfi, Particle swarm optimization algorithm with dynamic inertia weight for online parameter
identification applied to Lorenz chaotic system. Int. Innov. Comput. Inf. Control 8(2), 1191-1203
(2012)

A. Alfi, PSO with adaptive mutation and inertia weight and its application in parameter estimation of
dynamic systems. Acta Autom. Sin. 37(5), 541-549 (2011)

A. Alfi, M.M. Fateh, Identification of nonlinear systems using modified particle swarm optimization:
a hydraulic suspension system. J. Veh. Syst. Dyn. 46(6), 871-887 (2011)

A. Alfi, M.M. Fateh, Intelligent identification and control using improved fuzzy particle swarm opti-
mization. Expert Syst. Appl. 38(10), 12312-12317 (2011)

A. Alfi, H. Modares, System identification and control using adaptive particle swarm optimization.
Appl. Math. Model. 35, 1210-1221 (2011)

A. Arab, A. Alfi, An adaptive gradient descent-based local search in memetic algorithm for solving
engineering optimization problems. Inf. Sci. 299, 117-142 (2015)

Z.X. Cao, Y. Yang, J.Y. Lu, ER. Gao, Constrained two dimensional recursive least squares model
identification for batch processes. J. Process Control 24(6), 871-879 (2014)

X. Cao, D.Q. Zhu, S.X. Yang, Multi-AUV target search based on bioinspired neurodynamics model in
3-D underwater environments. IEEE Trans. Neural Netw. Learn. Syst. (2016). doi:10.1109/TNNLS.
2015.2482501

H.B. Chen, Y.S. Xiao, Hierarchical gradient parameter estimation algorithm for Hammerstein nonlinear
systems using the key term separation principle. Appl. Math. Comput. 247, 1202-1210 (2014)

Z.Z. Chu, D.Q. Zhu, S.X. Yang, Observer-based adaptive neural network trajectory tracking control
for remotely operated Vehicle. IEEE Trans. Neural Netw. Learn. Syst. (2016). doi:10.1109/TNNLS.
2016.2544786

H. Dai, N.K. Sinha, Robust recursive least-squares method with modified weights for bilinear system
identification. IEE Proc. Part D 136(3), 122—-126 (1989)

A. Darabi, A. Alfi, B. Kiumarsi, H. Modares, Employing adaptive PSO algorithm for parameter esti-
mation of an exciter machine. J. Dyn. Syst-T ASME 134(1). doi:10.1115/1.4005371, (2012)

F. Ding, System Identification—New Theory and Methods (Science Press, Beijing, 2013)

F. Ding, K.P. Deng, X.M. Liu, Decomposition based Newton iterative identification method for a
Hammerstein nonlinear FIR system with ARMA noise. Circuits Syst. Signal Process. 33(9), 2881—
2893 (2014)

F. Ding, X.M. Liu, Y. Gu, An auxiliary model based least squares algorithm for a dual-rate state space
system with time-delay using the data filtering. J. Franklin Inst. 353(2), 398-408 (2016)

F. Ding, X.M. Liu, M.M. Liu, The recursive least squares identification algorithm for a class of Wiener
nonlinear systems. J. Franklin Inst. 353(7), 1518-1526 (2016)

. F. Ding, X.M. Liu, X.Y. Ma, Kalman state filtering based least squares iterative parameter estimation

for observer canonical state space systems using decomposition. J. Comput. Appl. Math. 301, 135-143
(2016)

F. Ding, X.H. Wang, Q.J. Chen, Y.S. Xiao, Recursive least squares parameter estimation for a class of
output nonlinear systems based on the model decomposition. Circuits Syst. Signal Process. 35, (2016).
doi:10.1007/s00034-015-0190-6

F. Fnaiech, L. Ljung, Recursive identification of bilinear systems. Int. J. Control 45(2), 453-470 (1987)
S. Gibson, A. Wills, B. Ninness, Maximum-likelihood parameter estimation of bilinear systems. IEEE
Trans. Autom. Control 50(10), 1581-1596 (2005)

Y.B. Hu, Iterative and recursive least squares estimation algorithms for moving average systems. Simul.
Model. Pract. Theory 34, 12-19 (2013)

) Birkhduser


http://dx.doi.org/10.1109/TNNLS.2015.2482501
http://dx.doi.org/10.1109/TNNLS.2015.2482501
http://dx.doi.org/10.1109/TNNLS.2016.2544786
http://dx.doi.org/10.1109/TNNLS.2016.2544786
http://dx.doi.org/10.1115/1.4005371
http://dx.doi.org/10.1007/s00034-015-0190-6

Circuits Syst Signal Process (2017) 36:1052—-1065 1065

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

44.

Y.B. Hu, B.L. Liu, Q. Zhou, A multi-innovation generalized extended stochastic gradient algorithm for
output nonlinear autoregressive moving average systems. Appl. Math. Comput. 247, 218-224 (2014)
Y. Ji, X.M. Liu, New criteria for the robust impulsive synchronization of uncertain chaotic delayed
nonlinear systems. Nonlinear Dyn. 79(1), 1-9 (2015)

Y. Ji, X.M. Liu, Unified synchronization criteria for hybrid switching-impulsive dynamical networks.
Circuits Syst. Signal Process. 34(5), 1499-1517 (2015)

S.X.Jing, T.H. Pan, Z.M. Li, Recursive bayesian algorithm with covariance resetting for identification
of Box—Jenkins systems with non-uniformly sampled input data. Circuits Syst. Signal Process. 16,
1-14 (2015)

V.R. Karanam, P.A. Frick, R.R. Mohler, Bilinear system identification by Walsh functions. IEEE Trans.
Autom. Control 23, 709-713 (1978)

G.Q. Li, C.Y. Wen, A.M. Zhang, Fixed point iteration in identifying bilinear models. Syst. Control
Lett. 83, 28-37 (2015)

P. Lopes dos Santos, J.A. Ramos, J.L. Martins de Carvalho, Identification of a Benchmark Wiener—
Hammerstein: a bilinear and Hammerstein—Bilinear model approach. Control Eng. Pract. 20, 1156—
1164 (2012)

H. Modares, A. Alfi, M.N. Sistani, Parameter estimation of bilinear systems based on an adaptive
particle swarm optimization. Eng. Appl. Artif. Intell. 23, 1105-1111 (2010)

Y. Mousavi, A. Alfi, A memetic algorithm applied to trajectory control by tuning of fractional order
proportional—integral—derivative controllers. Appl. Soft. Comput. 36, 599-617 (2015)

B.Q. Mu, J. Guo, L.Y. Wang, G. Yin, L.J. Xu, W.X. Zheng, Identification of linear continuous-time
systems under irregular and random output sampling. Automatica 60, 100-114 (2015)

J. Na, X.M. Ren, Y.Q. Xia, Adaptive parameter identification of linear SISO systems with unknown
time-delay. Syst. Control Lett. 66, 43—50 (2014)

D.Q. Wang, Hierarchical parameter estimation for a class of MIMO Hammerstein systems based on
the reframed models. Appl. Math. Lett. 57, 13-19 (2016)

D.Q. Wang, Least squares-based recursive and iterative estimation for output error moving average
systems using data filtering. IET Control Theory Appl. 5(14), 1648-1657 (2011)

D.W. Wang, F. Ding, Parameter estimation algorithms for multivariable Hammerstein CARMA sys-
tems. Inf. Sci. 355, 237-248 (2016)

Y.J. Wang, F. Ding, Novel data filtering based parameter identification for multiple-input multiple-
output systems using the auxiliary model. Automatica (2016). doi:10.1016/j.automatica.2016.05.024
Y.J. Wang, F. Ding, The filtering based iterative identification for multivariable systems. IET Control
Theory Appl. 10(8), 894-902 (2016)

Y.J. Wang, F. Ding, The auxiliary model based hierarchical gradient algorithms and convergence
analysis using the filtering technique. Signal Process. 128, 212-221 (2016)

Y.J. Wang, F. Ding, Recursive least squares algorithm and gradient algorithm for Hammerstein—Wiener
systems using the data filtering. Nonlinear Dyn. 84(2), 1045-1053 (2016)

X.H. Wang, F. Ding, Modelling and multi-innovation parameter identification for Hammerstein nonlin-
ear state space systems using the filtering technique. Math. Comput. Model. Dyn. Syst. 22(2), 113-140
(2016)

X.H. Wang, F. Ding, Recursive parameter and state estimation for an input nonlinear state space system
using the hierarchical identification principle. Signal Process. 117, 208-218 (2015)

C. Wang, T. Tang, Recursive least squares estimation algorithm applied to a class of linear-in-parameters
output error moving average systems. Appl. Math. Lett. 29, 36-41 (2014)

. D.Q. Wang, W. Zhang, Improved least squares identification algorithm for multivariable Hammerstein

systems. J. Franklin Inst. Eng. Appl. Math. 352(11), 5292-5370 (2015)
W.G. Zhang, Decomposition based least squares iterative estimation for output error moving average
systems. Eng. Comput. 31(4), 709-725 (2014)

) Birkhduser


http://dx.doi.org/10.1016/j.automatica.2016.05.024

	Recursive Least Squares and Multi-innovation Gradient Estimation Algorithms for Bilinear Stochastic Systems
	Abstract
	1 Introduction
	2 The Identification Model for Bilinear Systems
	3 The Recursive Least Squares Identification Algorithm
	4 The Multi-Innovation Stochastic Gradient Identification Algorithm
	5 Examples
	6 Conclusions
	Acknowledgements
	References




