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Abstract

In this paper we propose general nonlinear models for off-line and on-line parameters identification in dynamic systems.

These numerical filters can be applied to any nonlinear system represented by a state equation and an observation equation

both nonlinear. The theory of hidden Markov models is used to derive these algorithms starting from a of Baum & Welch

type method. The proposed identification algorithm has two levels: the first level is an iterative and global algorithm

(IGA), it estimates iteratively the parameters from a block of data. The second level is an ergodic recursive algorithm

(ERA), it estimates the parameters in an adaptive manner. The estimators defined by these algorithms converge almost

surely to the true values of the model parameters studied in [A. Khoukhi, T. Aliziane, M. Souilah, Un Algorithme Multi-

Niveau d’Identification d’un Canal en Communication Numérique, JESA 36(4) (2002) 519–537; M. Souilah, A. Khoukhi,

T. Aliziane, A new multi-level algorithm for identification and stochastic adaptive control of industrial manipulators, Eng.

Simulation 26(4) (2004) 83– 98; M. Souilah, A new strategy for identification and control of mobile robots, Eng.

Simulation 28(3) (2006) 35–48]. The advantage of the proposed nonlinear filters in relation to classical autoregressive

models is the fact that the nonlinearity of the model is taken into account as it is and no linearizations are made around a

nominal position. The variances of the added noises are also estimated. The mathematical convergence of the algorithms

IGA and ERA is an open problem in the general case. We propose to this end an interesting conjecture based on ergodic

theory. These algorithms are applied to identify the parameters of a transmission channel in data communication. Some

simulation results showing the convergence of these algorithms are given.

r 2007 Elsevier B.V. All rights reserved.
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1. Introduction

All filtering models existing in the literature are
based essentially on linearizations. Indeed, the
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dynamic of the model is generally nonlinear and
the expression of the model state at a time n

according to the precedent state (KF, EKF) or the
state at several precedent times (AR, ARMA,
DARMA, DARMAX, . . .) [1,2] require lineariza-
tion around a nominal position.

The nonlinear filters we propose are of two kinds:
global and adaptive. The global algorithm is used in
.
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the off-line programming of dynamic systems or in
training phase as we have used it in the identifica-
tion of a transmission channel in data communica-
tion [3], in industrial manipulators robots [4] and in
mobile robots [5]. The adaptive algorithm is a
recursive one, it is used in the on-line programming,
or during the execution of the task by an intelligent
machine. This algorithm evaluates a parameter at a
running time as a kind of convex combination of the
value of this parameter at the previous time and the
history of the model states at all previous states.

To derive these filters, we have used a method of
Baum & Welch type. It consists of maximizing the
information quantity of Kullback–Leibler instead
of the maximum likelihood. We then obtain a
system of nonlinear equations satisfied by the
parameters of the model which we solve numerically
by a Newton–Raphson method.

To prove the convergence of the adaptive
algorithm ergodic recursive algorithm (ERA) for
the studied models in [3–5], we have constructed in
each case a new model, a new space and a new law
of probability according to the study plane of
Section 4.3. The convergence of the iterative and
global algorithm (IGA) is an open problem in all
studied models. We set forth an interesting con-
jecture giving an analogy with the ergodic Birkhoff
theorem [6,7].
2. The discrete nonlinear stochastic dynamic model

The general stochastic dynamic model considered
here is defined by the system

xn ¼ f ðxn�1; a; unÞ þ vn;

yn ¼ gðxn; bÞ þ wn;

(
(1)

where the first equation is of state representing the
dynamic of the model, the second is of observation,
then xn; yn represent, respectively, the state of the
system and its observation at time n. The constants
a, b are the parameters of the model and s2, t2 are
the variances of the additive Gaussian noises vn, wn.
The entry un represents the control of the system.
The vector of the model parameters to identify is
defined by l ¼ ða;b; s; tÞ. To simplify, we consider
a, b, s, t constants.

The true parameters of the system are those
maximizing the likelihood LðyN

1 =l
�
Þ ¼ maxl LðyN

1 =lÞ.
This function LðyN

1 =lÞ is practically inaccessible, we
use instead an auxiliary function Qðl; l0Þ representing
the information quantity contained in the observations
sample made on the model. The function Qðl; l0Þ
define a ‘‘distance’’ between the parameters l of the
physical model and the parameters l0 of a mathema-
tical model, it is defined by

Qðl; l0Þ ¼
X
xN
1

LðyN
1 ;x

N
1 =lÞ lnLðyN

1 ; x
N
1 =l

0
Þ,

where xN
1 ¼ ðxnÞ

N
n¼1, yN

1 ¼ ðynÞ
N
n¼1. We have the fol-

lowing important relation between LðyN
1 =lÞ and

Qðl; l0Þ:

rl0Qðl; l
0
Þjl0¼l ¼ rlLðy

N
1 =lÞ, (2)

i.e. a critical point of LðyN
1 =lÞ is a fixed point of

rl0Qðl; l
0
Þ. It is known that the maximization of

LðyN
1 =lÞ in l remains to the maximization of Qðl; l0Þ

in l0 [8].
Following the conditional independence, which is

the basis of the HMM theory, the likelihood
LðyN

1 ; x
N
1 =lÞ is calculated in the following manner:

LðyN
1 ; x

N
1 =lÞ ¼ pðx0Þ

YN
n¼1

pðxn=xn�1; lÞpðyn=xn; lÞ,

(3)

where pðxn=xn�1; lÞ are the transition probabilities
between the states of the system given by

pðxn=xn�1; lÞ ¼
1

s
ffiffiffiffiffiffi
2p
p exp �

1

2s2
ðxn � f ðxn�1; a; uÞÞ

2

� �
,

(4)

and pðyn=xn; lÞ are the observation probabilities
given by

pðyn=xn; lÞ ¼
1

t
ffiffiffiffiffiffi
2p
p exp �

1

2t2
ðyn � gðxn;bÞÞ

2

� �
.

(5)

3. The iterative and global algorithm

The algorithm IGA, when l0 can be expressed as a
function of l is known in the HMM theory,
especially in engineering literature. Its mathematical
convergence is an open problem even in simple
cases. In the applications [3–5], the transformation
Qðl; l0Þ considered as a function of l0 satisfy the
conditions of [8] (see Theorem 1 below) and have a
unique global maximum at critical points.
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It follows that, in our general case, certain
minimal conditions must be satisfied by the
functions f and g in (1). These restrictions
must guarantee the existence of a unique global
maximum of Qðl; l0Þ before applying the strategy
IGA-ERA. For many models studied the conditions
of the following theorem are satisfied.

Theorem 1 (Liporace [8]). The function l0 7!Qðl; l0Þ
admits a unique global maximum if it satisfies the

following conditions:
(a) The second derivative of Qðl; l0Þ in l0 along any

direction is negative definite at critical points. (This

condition implies that all critical point is a relative

maximum and if there exists more than one, they are

isolated.)
(b) Qðl; l0Þ tends to �1 when l0 tends to the

frontier of the parameters existence domain or when

l0 tends to infinity. (This property implies that the

global maximum is a critical point.)
(c) The critical point is unique.

For the general model (1), the critical point l0

cannot be expressed as a function of l in rl0Qðl; l
0
Þ ¼

0 but satisfy a nonlinear equations system.
The quantity Qðl; l0Þ is expressed here consider-

ing (3),(4),(5) as follows:

Qðl; l0Þ ¼ LðyN
1 =lÞ ln pðx0Þ �N:LðyN

1 =lÞ lnð2ps
0t0Þ

�
1

2s02
XN

n¼1

X
xn

X
xn�1

LðyN
1 ; xn; xn�1=lÞ

�ðxn � f ðxn�1; a0; uÞÞ
2

�
1

2t02
XN

n¼1

X
xn

LðyN
1 ;xn=lÞðyn � gðxn;b

0
ÞÞ
2.

The nonlinear equations system rl0Qðl; l
0
Þ ¼ 0 in l0

is given by

1

s02
XN

n¼1

X
xn

X
xn�1

LðyN
1 ;xn; xn�1=lÞ

�ðxn � f ðxn�1; a0; uÞÞ
qf

qa0
ðxn�1; a0; uÞ ¼ 0, ð6Þ

1

t02
XN

n¼1

X
xn

LðyN
1 ; xn=lÞðyn � gðxn;b

0
ÞÞ
qg

qb0
ðxn;b

0
Þ ¼ 0,

(7)
1

s0
NLðyN

1 =lÞ þ
1

s03
XN

n¼1

X
xn

X
xn�1

LðyN
1 ;xn;xn�1=lÞ

�ðxn � f ðxn�1; a0; uÞÞ
2
¼ 0, ð8Þ

�
1

t0
NLðyN

1 =lÞ þ
1

t03
XN

n¼1

X
xn

LðyN
1 ;xn=lÞ

�ðyn � gðxn; b
0
ÞÞ
2
¼ 0. ð9Þ
3.1. Parameters s, t

Eqs. (8) and (9) are explicit in s0; t0 and the
associated algorithm IGA is given by

s
02 ¼

PN
n¼1

P
xn

P
xn�1

LðyN
1 ; xn;xn�1=lÞðxn � f ðxn�1; a0; uÞÞ

2

NLðyN
1 =lÞ

,

(10)

t
02 ¼

PN
n¼1

P
xn

LðyN
1 ;xn=lÞðyn � gðxn;b

0
ÞÞ
2

NLðyN
1 =lÞ

. (11)

3.2. Parameters a, b

The algorithm in a;b is implicit considering the
nonlinearities of f ðx; a; uÞ and gðx;bÞ. We propose
for the iterative algorithm a Newton–Raphson
method. Starting from an approximate initial vector
of parameters l0 ¼ ða0; b0;s0; t0Þ, we evaluate itera-
tively lnþ1 from ln by

lnþ1
jþ1 ¼ lnþ1

j � ðDl0 ðrl0QÞðl
n; lnþ1

j ÞÞ
�1
rl0Qðl

n; lnþ1
j Þ; jX0; nX0;

lnþ1
0 ¼ ln;

(

(12)

where

Dl0 ðrl0QÞðl; l
0
Þ ¼

AN 0 EN 0

0 BN 0 FN

GN 0 CN 0

0 HN 0 DN

0BBB@
1CCCA

is obtained from the relations (6)–(9) by

AN ¼
1

s02
XN

n¼1

X
xn

X
xn�1

LðyN
1 ;xn;xn�1=lÞ

� ðxn � f ðxn�1; a0; uÞÞ
q2f
qa02
ðxn�1; a0; uÞ

 

�
qf

qa0
ðxn�1; a0; uÞ

� �2
!
,
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EN ¼ �
2

s03
XN

n¼1

X
xn

X
xn�1

LðyN
1 ; xn; xn�1=lÞ

�ðxn � f ðxn�1; a0; uÞÞ
qf

qa0
ðxn�1; a0; uÞ,

BN ¼
1

t02
XN

n¼1

X
xn

LðyN
1 ; xn=lÞ

� ðyn � gðxn; b
0
ÞÞ
q2g

qb
02
ðxn;b

0
Þ �

qg

qb0
ðxn; b

0
Þ

� �2
 !

,

FN ¼ �
2

t03
XN

n¼1

X
xn

LðyN
1 ; xn=lÞðyn � gðxn; b

0
ÞÞ
qg

qb0
ðxn;b

0
Þ,

GN ¼ �
2

s03
XN

n¼1

X
xn

X
xn�1

LðyN
1 ;xn;xn�1=lÞ

�ðxn � f ðxn�1; a0; uÞÞ
qf

qa0
ðxn�1; a0; uÞ,

CN ¼
XN

n¼1

X
xn

X
xn�1

LðyN
1 ;xn;xn�1=lÞ

�
1

s02
�

3

s04
ðxn � f ðxn�1; a0; uÞÞ

2

� �
,

HN ¼ �
2

t03
XN

n¼1

X
xn

LðyN
1 ;xn=lÞðyn � gðxn; b

0
ÞÞ
qg

qb0
ðxn; b

0
Þ,

DN ¼
XN

n¼1

X
xn

LðyN
1 ;xn=lÞ

1

t02
�

3

t04
ðyn � gðxn;b

0
ÞÞ
2

� �
.

Algorithm (12) is written formally l0 ¼ l� ðDl0

ðrl0QÞðl; l
0
ÞÞ
�1
ðrl0QÞðl; l

0
Þ or explicitly

anþ1
jþ1 ¼ anþ1

j �
CND1Q� END3Q

ANCN � GNEN

ðln; lnþ1
j Þ;

bnþ1
jþ1 ¼ bnþ1

j �
FND4Q�DND2Q

FNHN � BNDN

ðln; lnþ1
j Þ;

snþ1
jþ1 ¼ snþ1

j �
AND3Q� GND1Q

ANCN � GNEN

ðln; lnþ1
j Þ;

tnþ1
jþ1 ¼ tnþ1

j �
HND2Qþ BND4Q

FNHN � BNDN

ðln; lnþ1
j Þ;

8>>>>>>>>>>><>>>>>>>>>>>:
(13)

where DiQ, i ¼ 1; 2; 3; 4, are the partial derivatives
of Q with respect to a0, b0, s0, t0, n ¼ 1; . . . ; n0 and
j ¼ 1; . . . ; j0, with j0 small in general. This algorithm
is of prediction-correction type in which the choice
of the starting value of the iteration j is the previous
value of the iteration n. This is justified by the fact
that the best parameters are fixed points l0 ¼ l in
rl0Qðl; l

0
Þ.

We remark that all components of this algorithm
are expressed by sums containing the probability
LðyN

1 ; xn=lÞ which is calculated by the forward–
backward strategy (see [3,8]). It is curious to notice
the zeros distribution in the Hessian matrix
Dl0 ðrl0QÞðl; l

0
Þ of Q.

4. The ergodic recursive algorithm (ERA)

The main contribution of this paper is to define
the new adaptive algorithm ERA which is consid-
ered as a smoothing of IGA or a second level of this
algorithm. On the other hand, we try below to give a
mathematical perspective to prove its convergence
by applying the ergodic theorems. This convergence
is difficult to prove as it is clear from the
nonlinearities of the model.

As in the case of the IGA algorithm, we
distinguish between the parameters s, t and a, b.

4.1. Parameters s, t

The on-line adaptive recursive algorithm ERA is
deduced from the IGA algorithm by the relations

s2nþ1 ¼ 1�
1

n

� �
s2n þ

1

n

X
xn

X
xn�1

Lðyn
1;xn;xn�1=lÞ

�ðxn � f ðxn�1; an; uÞÞ
2, ð14Þ

t2nþ1 ¼ 1�
1

n

� �
t2n þ

1

n

X
xn

Lðyn
1; xn=lÞðxn � gðxn;bnÞÞ

2.

(15)

4.2. Parameters a, b

The recursive algorithm ERA for the implicit
parameters is proposed in the form

anþ1 ¼ ð1� enÞan þ en

X
xn

X
xn�1

Lðyn
1;xn;xn�1=lÞ

�ðxn � f ðxn�1; a0; uÞÞ
qf

qa0
ðxn�1; a0; uÞ, ð16Þ

bnþ1 ¼ ð1� enÞbn

þ en

X
xn

Lðyn
1;xn=lÞðyn � gðxn;b

0
ÞÞ

�
qg

qb0
ðxn;b

0
Þ, ð17Þ
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where en is a sequence tending to zero chosen
numerically to guarantee the convergence (for
example en ¼ 1=n, ln n=n, 1=n ln n; . . .). We note the
presence of the forward probability Lðyn

1; xn=lÞ in
the ERA algorithm instead of the probability
LðyN

1 ;xn=lÞ in the IGA algorithm.
4.3. Convergence of ERA in particular cases

Let ln be any estimated parameter of the
nonlinear model by the algorithm ERA. The
convergence of the ERA algorithm in nonlinear
models in state xn but linear in parameters a, b can
be proved following these steps [3–5,10].

Step 1: Let O ¼ fxN
1 ; y

N
1 ;NX1g, F a s-algebra

containing Fn:¼sðy0; . . . ; ynÞ for all nX1, let
ðO;F;PÞ a probability space where P corresponds

to the added Gaussian noises and ðO;F; bPÞ the

probability space where bP satisfy bEðbPðyn=xnÞÞ ¼ 1.
Then the sequence of random variables ðlnÞ are

martingales under bP, i.e. bEðln=Fn�1Þ ¼ ln�1.
Step 2: Under the above hypothesis, the sequence

ðlnÞ is square integrable, i.e. bEðl2nÞo1.

Step 3: The parameters estimated recursively ðlnÞ

converge almost surely under bP.
Step 4: The laws of probability P relative to the

initial model and bP relative to the new model are
absolutely contiguous.

Step 5: The estimated parameters by ERA
converge under P.

These steps cannot be applied to all nonlinearities
because they are based on the linearity of the
expectation. In the following we give a theory
construction attempt based on ergodic theory in
order to prove this convergence.
5. The Birkhoff ergodic theorem

This theorem gives the convergence of the
temporal mean in the space of states of a dynamic
system to its spatial mean. This temporal mean
represents for us the global algorithm IGA in the
applications [3–5]. The algorithm ERA is a second
level, a smoothing or a refinement of the algorithm
IGA. We give below some versions of this theorem.

Theorem 2 (Smordinsky [6]). Let T : ðX ;B; mÞ !
ðX ;B; mÞ a preserving measure transformation in a

measurable space, where m is s-finite and f 2 L1ðmÞ.
Then ð1=NÞ

PN�1
n¼0 foTn converges m-a.e. to a function
f � 2 L1ðmÞ. In addition, f �oT ¼ f � m-a.e. and if

mðX Þo1, then
R

f � dm ¼
R

f dm.

Theorem 3 (Smordinsky [6]). Let 1ppo1 and T a

transformation preserving measure on a measurable

space ðX ;B;mÞ. If f 2 LpðmÞ, there exists f � 2 LpðmÞ
such that f �oT ¼ f � a.e. and kð1=NÞ

PN�1
n¼0

foTn
� f �kp ! 0, n!1.

Theorem 4 (Smordinsky [6]). For any contraction T

in L1ðmÞ (kTf k1pkf k1, 8f 2 L1ðmÞ), there exists a

sequence w0Xw1Xw2X � � �40 such that
Pþ1

n¼0wn ¼

þ1 and
PN

n¼0wnTnf =
PN

n¼0wn ! f 2 L1ðmÞ.

Theorem 5 (Zweimüller [9]). Let T be a measure

preserving transformation on the s-finite measure

space ðX ;A;mÞ. Let f ; g 2 L1ðmÞ with gX0 andR
X

gdm40. Then there exists a measurable function

Qðf ; gÞ : X ! R such that
PN�1

n¼0 foTn=
PN�1

n¼0

goTn ! Qðf ; gÞ a.e. on fsupN

PN�1
n¼0 goTn40g as

n!þ1. On the conservative part the limit function

Qðf ; gÞ is measurable with respect to the s-algebra

S �A of T-invariant sets and satisfies
R
G Qðf ; gÞ

gdm ¼
R
G f dm for all G � S. In particular, if g40

a.e., then Qðf ; gÞ ¼ Emg
ðf =g=SÞ, where dmg:¼

gdm, and if T is ergodic, then Qðf ; gÞ ¼
R

X
f dm=R

X
gdm a.e.

Theorem 1 is the pointwise Birkhoff ergodic
theorem, Theorem 2 is the Lp-ergodic theorem,
Theorem 3 is a weighted ergodic theorem and
Theorem 4 is the ratio ergodic theorem.

Conjecture (Souilah [10]). Under suitable assump-
tions on f and g guaranteeing the existence of a
unique global maximum of l0 7!Qðl; l0Þ, the se-
quences ln ¼ an;bn;sn; tn of random variables
defined by the global algorithm IGA (13) and the
recursive algorithm ERA (14)–(17) converge almost
surely to the true values of the model parameters
and we can apply an adequate version of the
Birkhoff ergodic theorem to prove this convergence.

Example (An application of the ratio ergodic theo-

rem). Suppose we need to solve a stochastic
equation f ðxÞ ¼ 0. We choose y ¼ f ðxÞ as an
observation equation and the scheme xnþ1 ¼ xn �

gf ðxnÞ þ vn as a state equation, where g is a
parameter to identify by the precedent algorithm
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AIG, we obtain

xnþ1 ¼ xn � gf ðxnÞ þ vn;

yn ¼ f ðxnÞ þ wn;

l ¼ ðg; s; tÞ;

8>><>>:
g0 ¼

PN
n¼1

P
xn

P
xn�1

LðyN
1 ; xn; xn�1=lÞðxn � xn�1Þf ðxn�1ÞPN

n¼1

P
xn�1

LðyN
1 ; xn�1=lÞðf ðxn�1ÞÞ

2
.

ð18Þ

6. Discussion

In the applications [3–5], we have derived
explicitly the algorithm ERA from IGA. This is
not the case in the present general study. The step n

of the IGA algorithm is assimilated to the nth iterate
of an implicit transformation preserving measures
contained in the algorithm. The nonlinearities
encountered in other models allow to algorithms
with complex expressions for which the known
versions of the Birkhoff theorem cannot be used to
propose an analogy. The ergodicity must be
established and the transformation T must be
defined before the application of this theorem. In
the applications we presented in [10], the known
versions of this theorem permit to propose an
analogy for the parameters s, t, but for the
parameters a, b, the situation is more complicated
and seems to have only a numerical issue.

The great theoretical challenge to this conjecture
is to establish a result which could be called the
inverse ergodic theorem, which does not exist in
the literature. There exists only a ratio ergodic

theorem [9].
It is important to note that the critical point in l0

of Qðl; l0Þ is a unique global maximum in the
applications [3–5] where the Hessian matrix of
Qðl; l0Þ in l0 is negative definite, then the conditions
of [8] are satisfied. In the present general case, we
must establish to this end, for example, the
conditions: ANo0, BNo0, ANCN � GNEN40,
BNDN � FNHN40.

Remark. The numerical filters IGA and ERA can
be inserted in an experiment in an interface form.
The algorithm IGA is used in off-line programming
and can be used in training phase for intelligent
machines. Both of the algorithms IGA and ERA
need in general control algorithms. The off-line
control algorithm is of stochastic gradient type, i.e.
unþ1 ¼ un þ dnruQðl; l0Þ. Its stability is in general
established using optimization tools. The on-line
control algorithm is of type un ¼ Knðxn � xd
nÞ, it

consists to make the pursuit error tending to zero
(Kn is a gain and xd

n the desired state). Its stability
needs in general the use of a suitable Lyapunov
function.

7. Application to a transmission channel

We consider a model of state in discrete time and
discrete values where the states xn ¼ ðan; ynÞ are
related by the equations

an ¼ 2un � 1;

yn ¼ yn�1 þ dyn þ Dy;

yn ¼ anAejyn þ bn:

8><>: (19)

In our case un, is a symbol produced by the
source, an is a symbol used by the emitter (for
example un ¼ 0 or 1 and an ¼ �1 or þ1), yn is a
sequence of random variables such that the density
of probability of y0 is Pðy0Þ ¼ 1=2p, i.e. y0 is
uniformly distributed on ½0; 2p�. The conditional
density Pðyn=yn�1Þ corresponds to Nðyn�1 þ Dy; s2yÞ
if one neglect the mass outside of ½0; 2p�. yn for n ¼

1; . . . ;N is a random march on the unit circle. The
increments dyn form a sequence of independent
random variables identically distributed of mean
Dy, where Dy represents the effect of deviation of
the frequency.

In other part, we have access only to one
observation yn for each time tn, n ¼ 1; . . . ;N. The
number A is a real positive constant such that A2 ¼

2Eb where Eb is the energy by bit of the signal
transmitted. bn is a sequence of random variables
with complex values of variance 2N0.

bn ¼ brn þ jbsn : Eðb2
rnÞ ¼ Eðb2

snÞ ¼ N0 and

EðbrnbsnÞ ¼ 0.

The vector of parameters to estimate is defined by
l ¼ ðA;N0;s2y;DyÞ. For a true value

l ¼ ðA ¼ 1:414;N0 ¼ 10;sy ¼ 1;Dy ¼ 0:003Þ

of l and an initial value

l0 ¼ ðA0 ¼ 0:5;N00 ¼ 0:1;sy0 ¼ 2;Dy ¼ 0:001Þ

we remark that the recursive algorithm ARE is
less expensive than the iterative algorithm AIG.
There are many difficulties encountered during the
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normalization of the probabilities figuring in the
algorithms. The ERA algorithm converges for a
bloc of 300 observations sample to the same true
values after 2000 iterations. The algorithm IGA
converges for a bloc of 48 observations sample after
1000 iterations.
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7.1. Simulation of the algorithm IGA

We give below some figures of simulation for the
four sequences of parameters An, Nn, s2yn

, Dyn

estimated iteratively by the algorithm IGA in this
order.
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7.2. Simulation of the algorithm ERA
The figures below correspond to the sequences of
parameters An, Nn, s2yn

, Dyn estimated recursively by
the algorithm ERA.
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8. Conclusion
In this work, we proposed new non-
linear numerical filters for the parameters identifica-
tion in dynamic systems with state representation
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consisting of two equations of state and observation
both nonlinear. The nonlinearities of these
models are taken into account as they are and no
linearization is made around a nominal position.
The convergence of the proposed algorithms is
an open problem in the general case for which
we give an interesting conjecture based on the
Birkhoff ergodic theorem [10–12]. A case study has
been presented for parameters identification of a
transmission channel both for off-line and on-line
estimation. Some figures of simulation of the
algorithms IGA and ERA showing their conver-
gence are given.
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