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Abstract—This article studies the related issues of the robustness
and passiveness of neural networks with time-varying delays
and leakage delays with parameter uncertainties.The white
noise sequence that obeys the relevant Bernoulli distribution
enters the system in randomly form.By choosing the appropriate
LKFs, and using methods such as Wirtinger inequality and free
weight matrix to improve the delay standard, and express it in
the form of linear matrix inequality.Sufficient conditions are
established to ensure the robust random stability and passivity
of the neural network under consideration.Finally, a simulation
example is given using the LMI toolbox to prove the validity and
conservativeness of the standard proposed in this article.

Index Terms—delayed neural networks, leakage delay,
passivity, uncertainties.

1. INTRODUCTION

In the past few decades, scientists have been working hard
to study neural networks, and have been applied in many
fields, such as signal processing, pattern recognition and
optimization problems.At the same time, it has been widely
used in practical fields such as industrial control, clinical
medicine, commercial bank loans, and risk warning. The most
important thing in these applications is to ensure the stability
of the system.In actual hardware, due to the limited switching
speed and communication time of the amplifier, a time delay
will inevitably be caused.In addition, the image signal
contains many uncertain factors in the transmission process,
such as system shock, signal confusion and so on.Similarly,
parameter uncertainty is also an important reason for system
delay and poor performance, such as poor external or
operating environment and switching loss. Therefore, it is
necessary and not to be ignored to consider the robustness of
the delay system. Greatly improve the quality of the
system.And many scholars have made research and
contributions [1-4].

On the other hand, in many large-scale projects, the
stability and passivity of the system are inseparable.Passivity
analysis is based on stability analysis and is derived from the
theory of system dissipation. The main physical meaning of
passivity is to truly reflect the attenuation of system energy.In
essence, the theory of system stability can be analyzed from
the passivity, which is a comprehensive analysis method of
the passivity.The concept of passivity has been integrated
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with control theory for decades. After many scientists
research and development, the concept of passivity has been
widely used in fuzzy control, synchronization problems,
network control and other fields.And it has become one of the
valuable reference tools in the comprehensive research of
control system.Analysis and research on the passivity of
time-delay neural networks will also produce indispensable
application value.Recently, passive research has provided
some testing standards for the neural network theory of delay
uncertainty [5-7].

In [8], several sufficient conditions are given to ensure the
passivity of neural networks with discrete time-varying delays
and distributed infinite delays.In [9,10,11], the authors
studied the passivity of neural networks with discrete
time-varying delay and distributed time-varying delay. In [12],
the author obtained several sufficient conditions for neutral
discrete and distributed time-delay neural networks to check
the  passivity of the neural network  under
con sideration.However, time delays may occur in a random
manner, and sometimes delays that vary over time are
indis tinguishable.In this case, the above methods may be
difficult to apply, so it is necessary to further study the passive
problem of neural networks with time-varying delay under the
assumption of mild time-varying delay and small error. The
authors in [13] study the passivity of neural networks with
leakage delays. In [14], the passivity of uncertain neural
networks with leakage delay and time-varying delay is further
studied[19-23].

The purpose of this paper is to study the robustness and
passivity of neural networks with time-varying delays and
uncertain parameters of leakage delays.Uncertainties of white
noise sequences (ROUs) that obey some uncorrelated
Bernoulli distributions appear in a random form and enter the
system.By combining appropriate Lyapunov-Krasovskii
functionals, Wirtinger’ s inequality and free weight matrix
methods to improve the delay criterion, the generalized
activation function is realized.Sufficient conditions are
established to ensure that the considered neural network has
robust random stability and passivity, and reduces the
conservativeness of the system.Examples are given using the
LMI toolbox to prove the validity and conservativeness of the
standards proposed in this article.

II. PROBLEM ANALYSIS

A. Problem formulation and preliminaries

In this section, we consider the following time-delayed neural
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networks with both leakage delay and randomly
occurring uncertainties:

(1) = (A + alDAA) (= 6) + (W + BIOAW (N d(x(r))
+ (W + v(DAW () kb (x(r = h(D)) + ulr)) ()

where x; = [x;(t) ¢ * * xn(t)]T € R, is the state vector of the
system at time t, A = diag{-ay, ..., a,} € R""(a,>0,k=1

+ + ,n)is the self-feedback matrix, W,"" , W € R""(i
=1, 2) is the connection weight matrix, p(x(t)) = [(xi(t)) *

o haxa(t)] Te R"is the activation function of neurons,
and u(t) = [u;(t) ... u,(t)]" € R, is the control input vector. The
symbol & and h(t) are the leakage delay and the time-varying
continuous and bounded function in the delayed neural
networks, satisfying

0< t()<t, 0<d

where and are constants.The sum of the theories used in
this paper is summarized as:

[K1] activation function ¢;( *)(i=1, ..., n) in (1)is bounded
and satisfy the following inequality

(< ditky) = dilk2) <t
Ky — Kz

Kl *E k2 eR”

where £;= 0 and £, > 0 are known real constants. Define
L =diag{f 1,£,,..., ¢, } and L" = diag{£", , £, ..., £, }
[K2] The real-valued matrix AA(t), AW(t),and A

W (t)with appropriate dimensions represent the norm
bounded pa rameter uncertainty of the following
structure:

[AA@M) AW() AWI(t)] = HE(t) [E1 E2 E3]

where F(t) € R"/ is an unknown time-varying matrix
satisfying

F(O) Ft) <1

and H, E1, E2,and E3 are known constant matrices.

[K3] In order to illustrate the phenomena of randomly
occurring uncertainties,we introduce the stochastic
variables a (t), B (t),and Vv (t), which satisfy the mutually
independent Bernoulli-distributed white sequences in
order to explain the parameter uncertainty in the paper.
The natural supposes about a (t), B (t) and Vv (t) are as
follows:

Pr{a(t)=1}=a,Pr{a(t)=0}=1-a
Pr{iB({t)=1}=8B,Pr{B(t)=0}=1-8
Pr{v(t)=1}=v,Pr{v(t)=0}=1-v

a, B,and v are known constants,where a € [0, 1], B €
[0, 1],and v € [0, 1].

First, the initial conditions related to system (1) are given
x(s) = g(s), s e[ p,0].
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where g(s) is bounded and continuously differential on [ o,
0], P =max &, 7. Suppose x(t, g) is the state trajectory of
system (1) From the above initial conditions and the
corresponding trajectories under the initial conditions of x(t,
0).

Lemma 1 ([15]).For any matrix Q € R", Q > 0,a vector
function w : [d1, d2] — R", such that the integrations
concerned are well defined, the following holds:

03 1 N
(a— ) I‘ A (0x(s)ds > { r *l (s }d.i'} Q{ { .l'{.\"ld.\'}
Jdg Jg Jg

Lemma 2 ([16])For given matrices H, E and F with FTF<1
and a scalar ¢ > 0, the following holds:

HFE + (HFE)' < ¢ HH" +¢"E"E.

Lemma 3 ([17]). For any n X n constant matrix R € R,
and R is a symmetric positive definite matrix,a scalar
function h := h(t) > 0,and a vector valued function x : [ -h,
0] — R, , so the following related integrals can be easily
defined and then the following inequality holds:

_h d x I'l-R R
Jih x(r—h) R =R

Lemma 4 ([18]). System (1) is called globally passive if
there exists a scalar y > 0 such that

(s R 5y <

x{)
xit=Hh

fy - fin r
2 f{d s)uls)ds = =y ' (s)uls)d s
o <0

for all t, > 0 and for all x(t, 0).

B. Main results

To facilitate reading, we set up the matrix:

Ly = diag(Ly, L, .. L),
L» = diag(L*, L3, ... L)),
Ly = diag(Li L}, 1513, ... L; 1Y),
Ly =diag(S53, 255, .. B5E),

Theorem 1 Under satisfying (k1)-(k3), if the system (1)
has a scalar Y > 0, it is passive in definition 1.six positive
constants € ;> 031 =1,2,3,4,5, 6), five symmetric
positive definite matrices Pi(i = 1, 2, 3, 4, 5), four positive
diagonal matrices D, H, R and S, and four matrices Q;(i =1,
2, 3, 4) such that the following LMI holds:

Q o

- [T g

l{[l.

(2)
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oy Qp LiZ 0 PiA APIA  OW + LR+ LiZ QW —14Z a(s
o L 0 (1] 0 ~C D-H+OW [eivis ]
. = e { 0 0 LiS + LiZ 0
* ® # ~M-P D 0 0 0 0
a0 = . . & . -Py =AP)A 0 0 0
. e " . -Py 0 0 0
. . = . * N Qo i —Ar
. » . . . N . 2 0
- . = - . - - . -yl
O:H, (O:H, O:Hy 0 0 0 0 0
0 0 0 0 OH O1H» OWH; 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0, = 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
Q; = diag{—esd.—&sl, —gsl, —Ps. —e1l, &2l —&;31. —Fs)
in which

Q1 =-P;A-AP+Py+ 8 2P5+Ps- Q2A-AQ,- Ps-LiZ+( € 1+
€ 4)ET1 Ei-LiR,Q p =P- L1D+L2H‘AQT1 -QxtPs, Q=
TPsQ Q" @33=-13S-LiZ Qp=( € ,+ € 5E),
E;-R-Z, Qg=(€3+ € 6OELE-S-Z

proof:From definition (K1) we can get

x40}
r (fs)— LT $)ds = 0,

]

et}
I (L7 (s)—disxds=0,i=1,2,...n
wil

Let D = diag(d,, d,, ..., dy), H = diag(hy, h,, ..., h,), and
consider the following Lyapunov-Krasovskii functional:
V(©) = V1) + V2(t) + V3(t) + V4() 3)

Where(4)-(7)

Vi) = (x(i) = A r A )d) Pylx(n —A r a8 )l )
-y oS =

n 13 (1) il nl 1)
Vi) = ZZJ, f (i) — L s)ds +EZ hy [‘ (Ls —dsnds
=1 0 =1 o

f 1] f
Vi) = [ _1'T:.UP3.T(.'.' )l s +o‘f f .\'T{.r)P_-..\'{.i}d.i'dFv'
al famin =i S el

A )
fa() = ( AT()Psa(ds + 1 r f i (5)Psid sclff
=T wd =T w it

~

Calculating the time derivative of Vi(t)(i=1, 2, 3, 4), we
obtain (8)-(11)

21

3
Vity = 2(x(n-A f x(s)ds)” P1((1) — Ax(t) + Ax(1 = 6))
e
Valt) = 285 (D(G(x(1) = Ly xi0) + 287 (NH(Lax(t) = ¢(x(1)))
Vi) = xT(0(Py + 8 Px() — ¥ (1 = BWP2x(1 — 6)
T
- r o () Pyx(s)ds
o =
< AP + 8 PIx) = ¥ (1 = 5)Pax(t — §)
I f
—( r .\‘[.ﬂd.ﬂ"’ﬁ_s_( x(s)ds)
oS =4 =
Vi) = 2T (0Pux(t) = xT (0 = 1)Pax(t = 1) + 25T (1) Psx(r)

—T r _tT(s}P_:.i'l:sts
1T

< X (OPx(t) =¥ (r =1T)Pyx(t — 1) + T8 (DPs(t)
3. .‘.'jl[f_] 3 -Ps Ps .\'T(_f_}
.\‘T(r -7) * —Ps .1""(_r -7)

From the system (1), we have (12)

0=2"(00) + A (N0)[=(1) = (A + a(DAA(N)x(D)
HWy 4+ BIOAW())dlx(1)) + (W2 + u(ODAW (Nt = 7(0)) + ult)

for positive diagonal matrices R > 0,Z> 0 and S > 0, we
can get from assumption (K1) that [4]: (13)-(15)

x(t) " [LaR  —LaR][ (o) b

Bx(e)) * R [LIRYAVE
we-10) | [LsS ~LS|[ xt-7() | _ .

Gt =) * Y dlx(t =) |

) 1 [LaZ —LZ —I:Z L7 (1)

SOx()) 8 E Ik Z o) |,

x(t=1(1)) * * I:Z =L4Z|| x2(t—7() |~

d(xl(t — () * * * Z d(x(r — (1))

In addition,by assumption (K3) and Lemma 2, we get
(16)-(21)

=27 (0, AAx(D) <
' (o HHT Q] 1) + £ (0E] E xtr)
25 (D Q1AW B(x(1)) <
&' (00 HaHY 07 5(t) + ex” (x(0) EL E2p(x(1)
27 (OO AW d(x(t — T(0)) <
&' (N0 HaH 07 #(1) + &3¢ (x(1 = T(0)EL Esgp(x(t — (1))
2" (1 0xAAX(D <
&' 2T (0 Q:H H] QF x(1) + e4x" (NET E 1 x(1)
22" (N0 AWd(x(1)) <
&' (0 HaHY QF x(1) + £s¢p” (M) EL Exh(x(1))
27 (DO AW e x(t — (1)) <
& i (N0 HaHE OF (1) + £6¢” (x(t = t(D)EL Esglx(t — (1))

it follows from (8)-(21) that

V() = 267 x(nun) — v (Dulr) = TT =11 (99)

where
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I'is)

PIA APA QW 4 LR+ 1,7 (WW, =147 alh

Ey Ep a7 0
En D 0 0 e D—H+ oW o8 (23]
Ex [e1) i} ] 0 LS + L, Z 1]
~Py=Ps 0 1] 0 0 0
g = + —Py —APA 0 0 0
-y [t} ] 0
" Zn z =fir

_-Iylf

in which
) 11 =- PIA-P1+P2+ 1) 2P3+P4 -QQA- AQ2- P5 -L3Z+( € 1+
€ DE'| Ei- LR+ € ', QHH' Q1+ € sQHHY,

QL+ € ¢ QH:H; QY
E,=P-LiD+LH-AQ" -Q, +P;s

E22=1tPs-Q Q"+ € QHH Q"+ €,
QHH, Q" + & ' ;QH;H; Q"

233 =-1sS-14Z E77=(€ ,+ € JELE,-R-Z
E88=(€ 3+ € OE3E;-S-Z

Using Schur complement lemma, it is easy to verify [T <0
and equivalence of Q <0

V() = 20" x(t)ult) —yu" (Hu(t) <0 (23)

From (23) and the definition of V(t), we can have
lp /-
2 f @ (x(s)uls)ds = —y ( ;t{l'.v']ul,s'ju‘.\'
A pE]

For all t, > 0 and all x(t, 0). According to Lemma 4, we
know that the neural network (1) is globally passive.The
proof is complete.

When the system has no uncertainty, the system (1)
becomes:

() = Ax(t = &) + Wb x(t)) + Widb(x(t — h(1))) + wulr))
(24)

When the system has no leakage delay, the system (1)
becomes:

M) = (A + a(DAAD)X() + (W + BIOAW )b x(r) +

(W + v(DAW  (1)dlr — A0 + 1)) (25)

When the system has no leakage delay and uncertainty, the
system (1) becomes:

x(t) = Ax(t) + Weix(n)) + Wyd(x(r— hii))) + ult))
(26)

The theory in this article is still valid in the above system

22

= (& in.aNn, n"ir =1 = h V= i, ! sy, ..'J"' Gt e =i o’

C. Figures

In this section, in order to illustrate the advantages of the
results of the newly proposed passivity standard, we will
give numerical examples commonly used in his papers.

A.Example
Consider NN(1) with time-varying delay and borrow the
matrix parameters given below[14]

A= 12

-0.9 0 1.3
1.2 0.6

-1.7 1.4
0 {),x}°w‘l—1,a }’W] ‘l

1,9}

o) = 0.1(x + 1] — [x —1]), () =2 + 0.15sin(t), a = p=v =
0,8=0.

35
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Figure 1: State trajectory of the system of Example

In order to solve the linear matrix inequality in Theorem 1
and verify our reasoning, the method of MATLAB LMI
Toolbox is used. Applying Theorem 1 in this article to this
example, it can be concluded from Figure 1 that this article
has obtained relatively stable parameter values. In this
example, we get that the neural network with time-varying
delay can still maintain its stability in a more general
system.

III. ConcLusioNs

This paper mainly discusses the problems related to the
robustness and passivity of neural networks with time
varying delays and uncertain leakage delays. In the case of
uncertain random parameters, the leakage delay and time
are solved. For the stability and passivity of the delayed
neural network system, better methods are used to improve
the conservativeness of the system, and examples are used
to verify the validity and conservativeness of the standards
proposed in this article.

REFERENCES

[1] J. Hopfield, “Neurons with grade response have collective
computational properties like those of two-state neurons,” Proc. Natl.
Acad. Sci.1988, ,pp:(81) 3088-3092.

www.ijerm.com


http://www.ijerm.com/

International Journal of Engineering Research And Management (IJERM)
ISSN: 2349- 2058, Volume-07, Issue-09, September 2020

(2] Z. Lin, Y. Xia, P. Shi, H. Wu, “Robust sliding mode control for  jnterests include neural networks, analysis and synthesis of
uncertain linear discrete systems independent of time-delay,” Int. J.
networked control systems.

Innov. Comp. Inf. Control ,2011,pp: 869-880.

[3] L.O. Chua, L.Yang, “Cellular neural networks: applications. IEEE
Trans,” Circuits Syst ,1988,pp: 1273-1290.

[4] Chen, T.: “Global exponential stability of delayed Hopfield neural
networks,”Neural Netw ,2011,pp:14(8)977-980.

[5] Cao, J., Song, Q.“Stability in CohenCGrossberg-type bidirectional
associative ~ memory neural networks  with  time-varying
delays,”Nonlinearity ,2006,pp:19(7): 1601-1617 .

[6] CY Gong, YM Li, X H Sun. “Nonlinear feedback synchronization
control of the biomathematical model of muscular blood vesse,”
Mathematics in Practice and Theory ,2008,pp:103-108.

[71 Liu, Y., Wang, Z., Liu, X.“Global exponential stability of generalized
recurrent neural networks with discrete and distributed delays,”Neural
Netw ,2006,pp: 19(5):667-675.

[8] Lou, X., Cui, B.“Passivity analysis of integro-differential neural
networks with time-varying delays,”
Neurocomputing ,2007,pp:1071-1078.

[9]1 Li, H., Gao, H., Shi, P.“ New passivity analysis for neural networks
with discrete and distributed delays,” IEEE Trans. Neural
Netw,2010,pp: 21(11):1842-1847

[10] Chen, Y., Li, W., Bi, W.“Improved results on passivity analysis of
uncertain neural networks with time-varying discrete and distributed
delays,” Neural Process. Lett. ,2009,pp:30(2):155-169.

[11] Chen, B., Li, H., Lin, C., Zhou, Q.“Passivity analysis for uncertain
neural networks with discrete and distributed time-varying
delays,”Phys. Lett. A,2009,pp: 373(14): 1242-1248.

[12] Balasubramaniam, P., Nagamani, G., Rakkiyappan, R.“Global
passivity analysis of interval neural networks with discrete and
distributed delays of neutral type,”Neural Process.
Lett. ,2010,pp:32(2):109-130.

[13] Balasubramaniam, P., Nagamani, G., Rakkiyappan, R.: Passivity
analysis for neural networks of neutral type with Markovian jumping
parameters and time delay in the leakage term,” Commun. Nonlinear
Sci. Numer. Simul. ,2011,pp:16(11):4422-4437.

[14] Song Q , Cao J . “Passivity of uncertain neural networks with both
leakage delay and time-varying delay,” Nonlinear Dynamics
2012,pp:67(2):1695-1707.

[15] Fu,J., Ma, T., Zhang, Q.“ On passivity analysis for stochastic neural
networks with interval time-varying delay.
Neurocomputing ,2010,pp:73(4C6):795-801.

[16] M J Park, O M Kwon, J H Park, S M Lee, E J Cha. “Stability of
time-delay  systems via  Wirtinger-based double integral
inequality,” Automatica ,2015,pp:204-208.

[17] Xu, S., Zheng, W., Zou, Y.“Passivity analysis of neural networks with
time-varying delays,” IEEE Trans. Circuits Syst.Il, Analog Digit.
Signal Process ,2009,pp:56(4):325-329.

[18] Li, C., Liao, X.* Passivity analysis of neural networks with time delay,”
IEEE  Trans. Circuits Syst. II, Analog Digit. Signal
Process ,2005,pp:52(8):471-475.

[19] M H Zaheer, M Rehan, G Mustafa, M Ashraf. “Delay-range-dependent
chaos synchronization approach under varying time-lags and delayed
nonlinear coupling,” ISA Transactions 2014,pp:1716-1730.

[20] Lu, C., Tsai, H., Su, T., Tsai, J., Liao, C.“A delay-dependent approach
to passivity analysis for uncertain neural networks with time-varying
delayed.Neural Process,”Lett. ,2008,pp:27(3)237-246.

[21] Li, H., Gao, H., Shi, P.“New passivity analysis for neural networks
with discrete and distributed delays,” IEEE Trans. Neural
Netw.,2010,pp:21(11): 1842-1847

[22] Lu, C., Tsai, H., Su, T., Tsai, J., Liao, C.“A delay dependent approach
to passivity analysis for uncertain neural networks with time-varying
delayed,” Neural Process.Lett. ,2008,pp:27(3): 237-246 .

[23] Lou, X., Cui, B.“ Passivity analysis of integro-differential neural
networks with time-varying delays,”
Neurocomputing ,2007,pp:70(4-6): 1071-1078 .

Yanyu Wang was born in Hebei Province, China in 1996.
She received a bachelor’s degree from the School of
Computer Science and Technology, Renai College,
Tianjin University, China in 2018. She is currently a
graduate student in the School of Computer Science and
Technology, Tiangong University. Her main research

23 www.ijerm.com


http://www.ijerm.com/

	I. INTRODUCTION
	II. Problem analysis
	A. Problem formulation and preliminaries
	B.  Main results
	C. Figures

	III. Conclusions
	References

