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Abstract

In this paper the passivity approach is applied to ac-
cess several stability properties of neuro identifier. A
dynamic neural network is used for nonlinear system
no-line identification. By using a simple gradient learn-
ing law, the conditions for passivity, stability, asymp-
totic stable and input-to-state stability are established.
We get a very interesting result: gradient algorithm is
robust with respect to all kinds of bounded uncertain-
ties for neuro identifier.

1 INTRODUCTION

In many application, black-box identification using neu-
ral networks has emerged as a viable tool for unknown
nonlinear systems. This model-free approach uses the
nice features of neural networks, but the lack of model
makes hard to obtain theoretical results on the stability
and performance of neuro identifier. For the engineers
it is very important to assure the stability in theory
before they apply it to a real system.

There are not many results on stability analysis of neu-
ral networks in spite of their successful applications.
The global asymptotic stable (GAS) of dynamic neural
networks has been developed during the last decade.
Diagonal stability [7] and negative semi-definiteness [8]
of the interconnection matrix may make Hopfield-Tank
neuro circuit GAS. Multilayer perceptron (MLP) and
recurrent neural networks can be related to the Lur’e
systems, the absolute stabilities were developed by [16]
and [10]. Input-to-state stable (ISS) analysis method
[15] is an effective tool for dynamic neural networks,
[14] stated that if the weights are small enough, neural
networks are ISS and GAS with zero input. Many pub-
lishes investigate the stability of identification error and
tracking error of neural networks. [6] studied the sta-
bility conditions when multilayer perceptrons are used
to identify and control a nonlinear system. Lyapunov-
like analysis is suitable for dynamic neural network, the
signal-layer case were discussed in [13] and [18], the
high-order networks and multilayer networks may be

found in [9] and [11].

Another stability analysis tool is passivity theory, it
may deal with the poor define nonlinear systems, usu-
ally by means of sector bounds. But it offers elegant
solutions for the proof of absolute stable. A promis-
ing approach to stability analysis of neuro systems may
be the passivity framework, because it can lead to gen-
eral conclusions on the stability using only input-output
characteristics. The passivity properties of MLP were
examined in [2]. By means of analyzing the intercon-
nected of error models, they derived the relationship
between passivity and closed-loop stable. To the best
of our knowledge, open loop analysis based on the pas-
sivity method for dynamic neural networks has not yet
been established in the literature.

In this paper, the passivity method is used to develop
the stability properties of neuro identifier. It is shown
that a gradient-like learning law will make the identi-
fication error stable, asymptotic stable and input-to-
state stable. A simulation for vehicle idle speed identi-
fication shows the effective of gradient algorithm.

2 Preliminaries
Consider a class of nonlinear systems given by

it: f(mtyut)
Y = h(xt7ut) (1)

where x; € R™ is the state, u; € R™ is the input vector,
y: € R™ is the output vector. f: R"” x R — RN” is
locally Lipschitz, h : ®* x ™ — R is continuous.
It is also assumed that for any z° = 2y € 7, the
output y; = h(®(t,2° u)) of system (1) is such that
f(f | ulys | ds < 0o, for all t > 0, i.e. the energy stored
in system (1) is bounded. Following to [1] and [3], let
us now recall some passivity properties as well as some
stability properties of passive systems.

Definition 1 A system (1) is said to be passive if there
exists a C" nonnegative function S(xy) : R* — R,



called storage function, such that, for all us, all ini-
tial conditions x° and all t > 0 the following inequality
holds:

S (x¢) < ul'y, — euluy — SyLy, — p (20)
(zg,ug) € R™ x R™

where €, 6 and p are nonnegative constants, ¥ (xy) is
positive semidefinite function of xy such that 1 (0) = 0.
pv (z¢) is called state dissipation rate. Furthermore,
the system is said to be

o lossless ife =6 =p=0 and S (x;) = ul'y;
e input strictly passive if ¢ > 0

e output strictly passive if 6 >0

e state strictly passive if p > 0

e strictly passive if there exists a positive definite

function V(xs) : R" — R such that § (z) =
ulys —V(wr)

Property 1. If the storage function S(x;) is differen-
tiable and the dynamic system is passive, storage func-
tion S(x¢) satisfies

S (z) < ul'y,

Definition 2 A system (1) is said to be globally input-
to-state stable if there exists a K-function ~y(s) (con-
tinuous and strictly increasing v(0) = 0) and KL -
function B (s,t) (K-function and for each fized sy > 0,
tlirgloﬂ(so,t) = 0 ), such that, for each u € Ly

(sup {|lu(t)| ,t > 0} < 00) and each initial state 29 €
R™ | it holds that

ot 2% un) || < B (s ) (||, £) + v(s) [

for each t > 0.

Property 2. If a system is input-to-state stable, the
behavior of the system should remain bounded when
its inputs are bounded.

3 Neuro Identification via Passivity Technique
The nonlinear system to be identified is given as:
vy= f(zg,ug,t), x € R, up € R™ (2)

We construct the following dynamic neural network:

To= ATy + Wi0(Z1) + Wap(Te) v (ue) (3)

where T; € R™ is the state of the neural network,
A € R™™ is a stable matrix, Wi, € R™", Wy,
€ R™*".  The vector functions o(z;) € R" is as-
sumed to be n—dimensional with the elements increas-
ing monotonically. The matrix function ¢(-) is assumed
to be "> diagonal: ¢(z¢) = diag(op,(Z,)--- ¢, (Zn))-
v(ug) € R™, wg is the control input of the plant (2).
Function y(-) is selected as ||y(u¢)||* < %. The typi-
cal presentation of the elements o;(-) and ¢,(.) are as
sigmoid functions, i.e.

a;
Ui(Ii):ribmfci- (4)

Remark 1 The neural networks have been discussed
by many authors, for example [13], [9], [11] and [18].
One may see that Hopfield model [4] is the special case
of this networks with A = diag{a;}, a; == —1/R;C;,
R; > 0 and C; > 0. R; and C; are the resistance and
capacitance at the ith node of the network respectively.

Let us define identification error as
At = Et — Ty (5)

Because o(-) and ¢(-) are chosen as sigmoid functions,
clearly they satisfy the following assumption.

A1l: The function o(-) and ¢(-) fulfill generalized Lip-
shitz condition

~ T ~
7MG < ATD A, (Baun) Az () < TAL DA,

where

Wl,t =Wy, — WT, :sz,t =Wo — WS
7 :=0(T) —o(xy), ¢:=d(Ty) — Ppay)

A1, Ao, Dy and Dy are known positive constants, non-
linear.

Generally, dynamic neural network (3) cannot follow
the nonlinear system (2) exactly, it may be written as

Fi= Avy + Wio(we) + Wsd(we)y(u) — fe - (6)
where Wi and W3 are bounded unknown matrices
WIATTWET < Wh, Wik "Wt < W2 o (7)

Wl and Wy are priory known matrices, vector function
ft can be regarded as modelling error and disturbances.
The error dynamic is obtained from (3) and (6)

A= AN, + ’Wl,tfr(ft) + Wz,t¢(5t)7(ut) (8)

+Wie + Wigy(ue) + fi
If we define

RI:W1 +W2, Q:= D, +ED¢+Q0 (9)



and the matrices A and Qg are selected to fulfill the
following conditions:

(1) the pair (A, R'/?) is controllable, the pair (Q/2, A)
is observable,

(2) local frequency condition [17] satisfies

ATRT'A-Q > % [ATR™' — RT'A]R[A"R™' —R'A
(10)

then the following assumption can be established:

A2: There exist a stable matrix A and a strictly pos-
itive defined matrix Qo such that the matrix Riccati
equation

ATP+ PA+PRP+Q =0 (11)

has a positive solution P = PT > 0.

This conditions is easily fulfilled if we select A as sta-
ble diagonal matrix. Next Theorem states the learning
procedure of neuro identifier.

Theorem 1 If the weights W1, and W, are updated
as

Wl,t: ~K PNt (zy)

Wou= —KoPo(T,)y(u) AT
where P is the solution of Riccati equation (11), then
the dyiwmic of identification error (8) is strictly passive
from f: to the identification error 2P

(12)

Proof: Select a Lyapunov function (storage function)
as
S, = ATPA+tr {WftKl—lWl,t}thr {W{J{;%,t}

(13)
where P € R"*" is positive define matrix. According
to (8), the derivative is

Si= AF (PA+ ATP) A,
+2A3Pva1,t”(§t) + QA?PWztﬂs@t)V(ut)
+2AT P, +2AT P [Wf?f + Wiy (ug)
. T . T
+2tr {Wl,t Kllmt} + 2tr {Wz,t Kzlwz,t}

Since A PW;5, is scalar, using Al and matrix in-
equality

X1y + (X1Y)" < xTA X +¥YTAY (14)
where X, Y, A € ®"** and for any positive defined ma-
trix A = AT > 0, we obtain

QAT PWiG, < ATPWATIWITPA, +5{ M5y
< AT (PW1P+ D,) A,

2N PW3p,y(up) < AL (PWoP +aDy) A,

(15)

]T

So we obtain

PA+ATP+P (W, +Ws) P

+(Dy +TDy + Qo) At

Se< AT [

2t { Wy, Kll’wvfl,t} + 2AT PW, 40 (%) + 2AT P,
. T

+2tr S Woy Ky '"Way 3 + 20T PWa (% )y (uy)

—AT QoA

Since Wl,t:let, if we use the updating law as in (12)
and A2, we have

Si< ~AT QoA + 2AF P, (16)

From Definition 1, if we define the input as ﬁ and the
output as 2PA, then the system is strictly passive with

0<V; < AV QoA:

Remark 2 Since the updating rate is K;P (i = 1,2),
and K; can be any positive matrix, the learning process
of dynamic neural network (12) is free of P, the solution
of Riccati equation (11).

Corollary 1 If only parameters uncertainty present
(fe = 0), then the updating law as (12) can make the
identification error asymptotic stable,

Qe =0 liug Wae=0 Jig Wau= 0 )
Wl,t € LOO7 WQ,L‘ € LOO7

Proof: Since the dynamic of identification error (8) is
passive, from the Property 1 the storage function S(x;)
satisfies

S (xt) S ETQPAt =0

The positive defined S(z;) implies A;, Wy and Wa,
are bounded.

From the error equation (8) A€ Lo

d
—Vi < ~A{QoA: <0

Integrate (16) both sides
/0 [A¢tllg, < So— Seo <0

So Ay € Ls N Lg,, using Barlalat’s Lemma we
have (17). As ug, o(7:), ¢(@¢) and P are bounded,

tlim Wi,t=0 and tlirn Wi,=0. ]



Corollary 2 If the modeling error ft has a spectal re-
lationship with identification error Ay

fi=—KsAy, Ky :K? >0

where Ky is a positive defined constant matriz, then the
identification error is asymptotic stable.

Proof: Because Ay = h(w, %) is independent of f:,
the feedback loop with f; = —K ;A is well posed. The
time derivative of S satisfies

S (x¢) < *A?KfAt <0

So the equilibrium A; = 0 of At: f(Ay, ft) is stable.
Base on the Invariance Principle, the bounded solutions

of At: F(Ay, ﬁ) converge to the largest invariant set
of Ay= f(A4,0) contained in E = {A | h(z, 7)) =0},
this set is A; = 0, so the asymptotic stable is proved.
|

Remark 3 For model matching case, Lyapunov-like
analysis can reach the same result as Corollary 1 and
Corollary 2 [18]. But in the case of modeling error,
we will give a new conclusion on neuro identification:
the gradient algorithm (12) is also robust respect to un-
modeled dynamic, bounded disturbance and stochastic
noise.

Theorem 2 Using the updating law as (12), the dy-
namic of neuro identifier (8) is input-to-state stable

(ISS).

Proof: In view of the matrix inequality (14),

2AT Pf, < ATPAPA+ fEAFL,
(16) can be represented as

Si= —ATQoA, +2AT PF, N B
~Amin (Q0) | A + ATPAPA, + FENG

<
< —opag 12+ 87 ‘ ﬁH

where Oé”AL” = [/\min (Qo) - )\max (PAfP)} HAtH 75”%” :

Amax (A;l) H‘EH We can select a positive defined
matrix Ay such that

Amax (PAfP) < Amin (QO) (18)

So a and f are K, functions, Sy is an ISS-Lyapunov
function. Using Theorem 1 of [15], the dynamic of iden-
tification error (8) is input to state stable. ]

Corollary 3 If the modelling error ft s bounded, then
the updating law as (12) can make the identification
procedure stable

At € Looa Wl,t € L007 WQ,L‘ € Loo

Proof: From Property 2 we know input-to-state
stable means that the behavior of the dynamic neu-
ral networks should remain bounded when its input is
bounded. ™

Remark 4 Since the state and output variables are
physically bounded, the modelling error f; can be as-
sumed to be bounded too ( see, for example [6][11][13]).
The condition (18) can be established if Ay is a small
enough constant matricz. Unlike robust adaptive laws,
such as dead-zone [11] and o—modification [9], we do
not need to know the upper bound of uncertainties.

Remark 5 [t is well known that structure uncertain-
ties will cause parameters drift for adaptive control, so
one has to use robust modification to make identifica-
tion stable [5]. Robust adaptive methods may be ex-
tended to neuro identification directly [6][11] [13]. But
neuro identification is a kind of "black-box” method, no-
body needs structure information and all of uncertain-
ties are inside the black box. Although robust adaptive
algorithms are suitable for meuro identification, they
are not the simplest. By means of passivity technique,
we success to prove our conclusion: pure gradient al-
gorithm is robust with respect to all kinds of bounded
uncertainties for neuro identification.

4 Simulation

The engine operation at idle is a nonlinear process that
is far from its optimal range. Because it does not re-
quire any large degree of instrumentation or external
sensing capabilities, the idle speed control is also ac-
cessible and can be formatted as a benchmark problem
for control society. The process of engine at idle has
time delays that vary inversely with engine speed and
is time-varying due to aging of components and envi-
ronmental changes such as engine warm-up after a cold
start. The measurement of system outputs occurs asyn-
chronously with the calculation of control signals. We
assume that the occurrence of plant disturbances, such
as engagement of air conditioner compressor, shift from
neutral to drive in automatic transmissions, application
and release of electric loads, and power steering lock-up,
are not directly measured. The dynamic engine model



a two inputs and two outputs system [12]:

P: kP (mai - mao)
N=kn (T; — Ty)
M= (1 + k16 + km26?) g (P)
Moo= —kmsN — kmaP + kms NP + kg N P?

The engine model parameters are for a 1.6 liter, 4-
cylinder fuel injected engine

P < 50.6625

P)= { 0.0197v/ 101 325P — P2 P > 50.6625
T; = —39.22 + 325024m, — 0. 011262 + 0.6350

6—” (0.0216 + 0.0006756) N — (E) 0.000102N2
2
1y - (269[17) +1a
Mao =Mgo (t— 1)/ (120N)

—~

g

kp = 4240, ky = 54.26, k1 = 0907, ke =
0.0998, k.3 = 0.0005968, kg4 = 0.0005341, k5 =
0.000001757, 7 = 45/N. The system outputs are mani-
fold press P (kPa) and engine speed N (rpm). The con-
trol inputs are thottle angle 6 (degree) and the spark ad-
vance 6 (degree). Disturbances act to the engine in the
form of unmeasured accessory torque Ty (N-m). The

variable mg; and my, refer to the mass air flow into
and out of the manifold. m,, is the air mass in the
cylinder. The parameter 7 is a dynamic transport time
delay. The function g (P) is a manifold pressure in-
fluence function. T; is the engine’s internally developed
torque, T7, is the load torque. If we define x = (P, N )T
= (0, 6)", then the dynamic of vehicle idle speed are

(B)-(en)

f1 and f5 are assumed to be unknown and only x and u
are measurable. In order to do the simulation, we select
input as ¢ = 30sin %, 0 is sawtooth wave with amplitude
10, frequency %, Ty is square wave with amplitude 20,
frequency %, o = [10, 5OO]T
neural network as

. Let us select dynamic

T= AT+ W10 (@) + Word(Ty)uy, Wiy, Wa, € R2?

The sigmoid functions are

2 0.2
o (z;) = 11 o2 0.5, ¢(z;) = T o02 0.05
-2 0
We also select A = 0 -2 | KiP = K9P = 21,

To =[5, —5]" . We use the learning law

: N 1 10
Wii=—KiPAwo(z)T, Wi = [ ]

10 1
Woi= —KoPp(Ty) uw Ay, Wap = 0 1
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The following simulation results show the identification
ability of dynamic neural network. Figure 1 and Figure
2 are with internal uncertainties (unmodeled dynamics
and accessory torque). Figure 3 and Figure 4 show

identification results with white noise (variances are 1
and 100).
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One can see that the gradient algorithm of dynamic
neural networks is robust with respect to bounded un-
certainties.

5 Conclusion

By means of passivity technique, we give new results
on neuro identification. Compared with other robust-
ness analysis of neuro identifications, we propose a
new result: gradient learning algorithm may guaran-
tee the identification error robust stable with respect
to bounded uncertainties.
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