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Abstract. This paper presents an extension to the
theory on the analysis of stability of complex systems
with time delay of fractional order, the previous study is
based on the theory of functions of Lyapunov-Krasovski
and the Fractional Order PID control law. The analytical
results are illustrated by the simulation of fractional
nonlinear systems interconnected with time delay which
are forced to follow complex trajectories as chaotic
systems.
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1 Introduction

This paper analyzes the path not for a non-linear
system but for a network of nonlinear systems
coupled with delay, which are forced to follow a
reference signal generated by a non-linear chaotic
system. The control law that guarantees trajectory
tracking is obtained using the Lyapunoc-Krasovskii
methodology and the PID control law. The
control law that guarantees trajectory tracking
is obtained by using the Lyapunov methodology
and the Fractional Order PID Control Law. It
is interesting to note that more than half of
the industrial controllers in use today are PID

controllers or modified PID controllers.  The
proportional action tends to stabilize the system,
while the integral control action tends to eliminate
or reduce steady-state error in response to various
inputs.

Derivative control action, when added to a
proportional controller, provides a means of
obtaining a controller with high sensitivity. An
advantage of using derivative control action is
that it responds to the rate of change of the
actuating error and can produce a significant
correction before the magnitude of the actuating
error becomes too large.

Derivative control thus anticipates the actuating
error, initiates an early corrective action, and
tends to increase the stability of the system.
The combination of proportional control action,
integral control action, and derivative control action
is termed proportional-plus-integral-plus-derivative
control action. It has the advantages of each of the
three individual control actions.

A Fractional Order PID controller, also known as
a [PI*D?] controller, takes on the form [1]:

u(t) = Kye(t) + K;aD; e(t) + KgaD&e(t),
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where A and « are the fractional orders of the
controller and e(t) is the system error. Note
that the system error e(t) replaces the general
function f(¢).

The analysis and control of complex behavior
in complex networks, which consist of dynamical
nodes, has become a point of great interest
in recent studies [2, 3, 4]. The complexity in
networks comes from their structure and dynamics
but also from their topology, which often affects
their function.

Recurrent neural networks have been widely
used in the fields of optimization, pattern
recognition, signal processing and control systems,
among others. They have to be designed in such
a way that there is one equilibrium point that is
globally asymptotically stable.

Trajectory tracking is a very interesting problem
in the field of theory of systems control; it
allows the implementation of important tasks
for automatic control such as: high speed
target recognition and tracking, real-time visual
inspection, and recognition of context sensitive
and moving scenes, among others. We present
the results of the design of a control law that
guarantees the tracking of general fractional order
complex dynamical networks.

2 Mathematical Models

2.1 Fractional General Complex Dynamical
Network

In this work we use Caputo’s fractional operator
which is defined, for 0 <a<1, by:

1 L Ca
:m/o x (1)t —7)"%dr.

If z(t) € R™, we consider that z(®)(¢) is the
Caputo fractional operator applied to each entry:

2@ (t) =§ Dy'a(t)

() = (Dt (t), ....§ D xin (1))T.
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Consider a network consisting of NV linearly and
diffusively coupled nodes, with each node being an
n-dimensional dynamical system, described by:

xga) fi(z; —|—Zc”a” i—xi), 1=1,2,...,N,
J#l

(1)

where z; = (241, %0, ...,7:,)7 € R™ are the state

vectors of node i, f; : R™ —— R"™ represents the
self-dynamics of node i, constants ¢;; > 0 are
the coupling strengths between node i and node
j,withi,j=1,2,...,N.

I' = (m;) € R is a constant internal matrix
that describes the way of linking the components in
each pair of connected node vectors (z; — z;): that
is to say for some pairs (i,5) with 1 < i, < n and
7;; # 0 the two coupled nodes are linked through
their ith and jth sub-state variables, respectively.

While the coupling matrix A = (a;;) € RV*V
denotes the coupling configuration of the entire
network: that is to say if there is a connection
between node i and node j(i # j), thena;; = a;; =
1; otherwise a;; = a;; = 0.

2.2 Fractional Time-Delay Recurrent Neural
Network

Consider a fractional delayed recurrent neural
network in the following form:

x&fb‘) = ApTp, + Wh,o(@in(t — 7) + wipn +
N
Z Cin,jnainjnr(xjn - xivL)7
j=1
J#i
i = 1.2.....N, )
where z;, = (Tin,, Tings---,Tin,)T € R™ is the

state vector of neural network 7, w;, € R™ is
the input of neural network i, A;, = —Xinluxn,
i = 1,2,...,N, is the state feedback matrix, with
Ain be€ing a positive constant, W;,, € R"*" is the
connection weight matrix with ¢ = 1,2,..., N, and
o(-) € R™ is a Lipschitz sigmoid vector function
[5, 6], such that o(z;,) = 0 onIy at z;, = 0, with
Lipschitz constant L,,, i« = 1,2,..., N and neuron
activation functions o;(-) = tan ( ), i=12,...,N
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where z; = (1‘1‘1,1'1’2, Ce 71’1‘71)T € R™ are the state
vectors of node i, f; : R™ — R"™ represents the
self-dynamics of node ¢, constants ¢;; > 0 are
the coupling strengths between node ¢ and node
Jjywithi,j =1,2,...,N. T = (1;;) € R"™" is a
constant internal matrix that describes the way of
linking the components in each pair of connected
node vectors (z; —x;): that is to say for some pairs
(¢,7) with 1 < 4,5 < n and 7;; # 0 the two coupled
nodes are linked through their ith and jth sub-state
variables, respectively.

While the coupling matrix A = (a;;) € RV*N
denotes the coupling configuration of the entire
network: that is to say if there is a connection
between node i and node j(i # j), thena;; = aj; =
1; otherwise a;; = a;; = 0.

3 Trajectory Tracking

The objective is to develop a control law such that
the ¢th fractional delayed neural network (2) tracks
the trajectory of the ith fractional dynamical system
(1). We define the tracking error as e; = x;, — ;,
i=1,2,..., N whose time derivative is:

- xi’ni

e =gl g =192 N (3

From (1, 2, 3), we obtain:

el = Apzin + Wino (@in(t — 7)) + win — filai) +
N
Z CinjnQinjnI(Tjn — Tin) —
=1
i

N
Zcijaijf(wj —CL‘Z'), 1= 1,2,..,,N. (4)
Jj=1
i
Adding and subtracting, W;,o(z:(t — 7)), a;(t),
i =1,2,...,N, to (4), where «; is defined below,
and considering that z;, = ¢; + z;, i =1,2,..., N,
then:

el =Ainei + Win(o(ei + zi(t — 7)) — o(2a(t — 7))+

(Uin — o) + (Ainxi + Wino(zi(t — 7)) + a:) —
N
fi(z:) + Z CinjnQininI'(ZTjn — Tin), (5)

Jj=1
J#i

N
Zcijaijl"(acj —xi), i:l,?,...,N‘
j=1
i
In order to guarantee that the ith neural network
(2) tracks the ith reference trajectory (1), the
following assumption has to be satisfed:

Assumption 1. There exist functions p;(t) and
a;(t),i=1,2,...,N, such that:

P (1) Ainpi(t) + Wino(pi(1)) + au(t)
pi(t) = xi(t), iZl,Q,...,N. (6)

Let's us define:

Uin = (um *Oéi)
do(eizi(t —7)) = oleitx(t—71))— ozt —7)),
i = 1,2,....N. 7)

From (6, 7), equation (5) is reduced to:

e, = Ainei + Windo (€, xi(t — 7)) + Uin +

N

Z Cinjnainjnr(xjn - min) -

i=1

i

N

Z cijaiil(z; — 1), (8)

i=1

J#i

i = 1,2, N.

We can also write:

N

§ Cinjnainjnr(xjn - mzn)
i=1
J#i
N N
= F(§ Cingn; AingnLjn — Tin E Cinjnainjn)
j=1 j=1
J#i J#i
N
> cijaiT(a; — @), 9)
i=1
J#i
N N
= F( E cijaijxj — X; E cijaij),
Jj=1 Jj=1
J#i J#i
i = 1,2,....N,
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where we used that Cinjn = Cij and Qinjn = Qij-
Then, with the above equation, equation (8)

becomes:
eE“) = Appei + Winoo(ei, zi(t — 7)) + Wi, +
N N
L) cijaije; — ey cijaig), (10)
j=1 j=1
j#i j#i

= Apei +Windo(ei, zi(t — 7)) + Uin +

N
> cijail(e; —ei),
j=1
J#i
i = 1,2,...,N.

Itis clearthate; =0,i=1,2,...,Nisan
equilibrium point of (10), when @;,, = 0,
1=1,2,...,N. Therefore, the tracking problem
can be restated as a global asymptotic
stabilization problem for the system (10).

4 Tracking Error Stabilization and
Control Design

In order to establish the convergence of (10) to
e; =0,7=1,2,...,N, which ensures the desired
tracking, first, we propose the following candidate
Lyapunov-Krasovskii function [7]:

N
Vivle) = Y Vi(e) =
ZNl
Z slled ,wi) (e, w)™]+ (1)

(&5 ()W, Wi, do(5))ds.
t—T

In fractional calculus, the product rule for the
derivative is no longer valid. However, we still have
an upper bound for the product that appears in
(11). Specifically, from Lemma 1 in [8] the time
derivative of (11), along the trajectories of (10), and
adding the Derivative "D”:

aD®V =el'aD%¢; +wlaDfw;+
O (YW, W, b (1)~
¢Z(t - T)WnTiWni¢a(t - T)v
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aDPV =e"[aDfe; + KqaDfe;(t)] + w! aDfw;+
oL OW,I W, d0(t)—
(Z)aT (t— T)WT Wi, ¢o(t — ),

ng

aD{V =el'[1 + KglaDfe;(t) + w] aDfw;+
¢§ (t)Wgz Wm ¢0 (t)_ (12)
(;55(15 - T)WTz;Wni¢U(t - T),

Ifa =[1+Kg,a =X\ andw; = K;aD; “e;(t),
then aDyw; = K;e(t), [9]

N
aDyV = Z ael (Ainei + Wingo(ei, zi(t — 7))+
j=1

N
Uin + Z cijai(ej — ej)) + w] Kie(t)+
j=1

J#i
¢Z (t)W;ﬂ Wm ¢<7 (t)_
oLt —TIW,I W, d0(t — 7).

We can then write:

N 2
aDPV =3 (—ax;, Jleil* +
i=1

a] Wi, dg(es, x:) + aeu;, +

N
a| X cijaiielT(e; —e;) | +wi Kie(t)
j=1

JFi
b (YW, Wi, o (1) —
Pr(t = T)Wy Wy, o (t — 7). (13)

Next, let's consider the following inequality,
proved in [10, 11]:
XY +YTX < XTAX+YTALY, (14)

which holds for all matrices X,Y € R™** and
A € R™™with A = AT > 0. Applying (14) with A =
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I,«, to the term EIWiﬂ/QSU(Gi,IL'i), i = 1,2,...,N,
we get:

1
7fn¢0'(e7f7x7f(t - T)) S 562672"’
1
§¢I(€i,$i(t — )Wl Wi, o (i, zi(t — 7)) (15)
1 1
=3 llel|” + §¢I(ei,xi(t — 7))
WTWZ"qSU(eZ-,xZ-(t - 7)),
i=1,2,...,N.

Since ¢,, is Lipschitz, then:

H(ng(ei,xi)HSI«bgl H €i Hv'i:]-727"'7N’ (16)

with Lipschitz constant L,, . Applying (16) to
%gb;(ei, xi)Wi:Winng(ei, {EZ) we obtain:

1
i(z)(—rr(ei’ xi)WiIWin(bO'(ei) xi)v
1
s 3 |6 (€5, )W, Wi, g (e, 23) ||, (7)
1 2 .
< 3 (Lo, ) Wi, 17 llesll*, i =1,2,...,N.

Next, (15) is reduced to:

2l Mles]|® (18)

i )||ei||2,i:172,...,N.

Then, we have that:

(@) N N
Vi'(e) < 30 ef(—aki,ei —a 3 cijagTeit
i= =1
2
a
5( +13, HWinHZ) eit (19)
w] Kie(t) +a Z cijaijelTej + ael i,
j=1
J#i

We define w,, = u; + i, + Kpe; + w; —
. (1 +L<21>gi ||Wzn||2>, i=1,2,...,N, and from (19)
we get:

(o) . T
Vy'(e) < ;[—a( An, — Kp)e; € +

-1
g%I)(HL?_H NRELE:

(a+ K;)eTw; —a E cijaiilele;

J#Z
N = TR
+a Y cijaiilele; +ae u; + ae” u;,
j=1
J#i

Here we select (a + K;) = 0, so, Ky = —K; —
1; K4 > 0then K; > —1. With this selection of
parameters (20) is reduced to:

N
aDPV = Vi (e) < S[—a( A, — Kp)elei +
i=1
a
O 1z, (W) efe -
2
N
a Z cijaieriTei +
i=1
J#i
N o N
a cijaglele; +ae’u; +ae’ u;,
i=1
i

In this part, if A,,, — K, > 0, a > 0, then aD{"'V <
0, Ve;, w;, W,,,the traking error is asymptotically
stable and it converges to zero for every e; #
0; i.e. the Neural Network will follow the plant
asymptotically.

Now, we propose to use the following control law:

~

—(1+L2.WMAF)6

Up, =
Z cijai;Lej, (21)
7752
i = 1,2,..,N.

In this case, V") (¢) < 0,V e # 0. This means
that the proposed control law (21) can globally and
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asymptotically stabilize the ith error system (10),

therefore ensuring the tracking of (1 by 2). a5 e
40 Sub-state 3
Finally, the control action of the recurrent neural %
networks is given by: 30
. 25
20
15
wi, = fi(z:) +Apxi — Wy,o(xi(t— 7)) + 10
1 2 2 5
3 (1 + L3 |, ) ei + (22) 50
Kye(t) + KiaD;e(t) + KqaDe(t) — 0 o
N vy 50 o O 2
Z cijaijl“ej, X
7j=1
I Fig. 2. Sub-States of Chen’s attractor with initial
o= 1,2,.,N. condition X2,3,4(0) = (-10; 0; 37)"T
50 Sub-state 1
5 SimUIations —— Neural Network 1

In order to illustrate the applicability of the
discussed results, we consider a fractional order
dynamical network with just one fractional order
Lorenz’s node and three identical fractional order
Chen’s nodes. The single fractional order Lorenz
system is described by:

45 Sub-state 1
Neural Network 1
0
ES Fig. 3. Sub-State of Lorenz’s attractor with initial
30 condition X1 (0) = (10; 0; 10)°T
25
N 20
15
10
5 aD{zy,, = 10z — 10z,
0 (l_D?QL'p2 = —X2—X1X2 + 28(E1, (23)
50
« — PR
(] > — p— aDizp,, = x172 313,
Y 2 X z;(0) = (10,0,10)7, i =1,

Fig. 1. Sub-State of Lorenz’s attractor with initial

condition X1 (0) = (10; 0;10)"T and the Chen’s oscillator is described by:

Computacion y Sistemas, Vol. 23, No. 4, 2019, pp. 1583-1591
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Sub-state 1
Sub-state 2
Sub-state 3

B8 ¥ 8 8 8 & 8

Fig. 4. Sub-States of Chen’s attractor with initial
condition X2,3,4(0) = (-10; 0; 37)"T

Sl i

Fig. 5. Structure of the network with each node being a
Lorentz and Chen’s system

4
aDfx;, =p1(xi2 — x41) + Z cijaij(T51 — xi1),
J=15#i
aD{ i, =(p3 — p2)Ti1 — Ti123 + p3Tio+
4
Z cijaij(Tje — Ti2), (24)
J=1.5#i
4
aDf'wi,, =vaTio — patis + Y Cijii(2js — Tig),
J=14#i
x;(0) =(—10,0,37)", i = 2,3, 4.

If the system parameters are selected as p; =
35, po = 3, p3 = 28, then the fractional order
Lorenz’s system and the fractional order Chen’s
system are shown in Fig. 1 and Fig.2, with a =
A = 1, Fig. 3 and Fig.4, with « = A = 0.0005

respectively. In this set of system parameters, one
unstable equilibrium point of the oscillator (25) is x
= (7:9373; 7:9373; 21)T [12].

Sub-state 1
1%L Neural Network 1 [}
0} ﬂ Pl M

AN A

15}

Sub-state X1
-

0 5 10 15 2 - 30 35 40 45 50
Tme t

Fig. 6. Time evolution for sub-states 1 with initial state
Xn1(0) = (10; 0; 10)°"T

Sub-state 1
2 Neural Network 1

| _
) it |

L 1 . 1 1 L
L] 5 10 15 2 2% 30 kY 40 45 50
Tume t

Sub-state Y1
-

®

Fig. 7. Time evolution for sub-states 1 with initial state
Xn1(0) = (10; 0; 10)°T

Suppose that each pair of two connected
fractional order Lorenz and the fractional order
Chen’s oscillators are linked together through their
identical sub-state variables, i.e.,I' = diag(1,1,1),
and the coupling strengths are c¢15 = ¢o1 = m,
Co3 = C32 = T, C13 = C31 = T, Cl4 = Cq1 = 27,
Coq4 = Cqo0 = 2T,C34 = C43 = 2. Flg 5 visualizes
this entire fractional order dynamical network.

The neural network was selected as:
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45 T r - r . . v . . 30 T T T T T T T T T
Sub-state 1 Sub-state 4
40 - Neural Network 1 H Neural Network 4
2+ Al
3B o
30 10}
-
= >
% £
E f g0
- o
52 a
@
-10 4
15+ 4
10+ Tl 20| g
5 4
_m 1 1 1 1 1 1 1 1 1
0 s I I L 1 L ( I 0 5 10 15 20 25 30 35 40 45 50
0 5 10 15 2 2 30 E 40 45 50 Time t

Tme t

Fig. 10. Time evolution for sub-states 4 with initial state

Fig. 8. Time evolution for sub-states 2 with initial state Xn4(0) = (20,20,-10)'T

Xn1(0) = (10; 0; 10)°T

2 T T T T T T T T T
Sub-state 4
15+ Neural Network 4

50

5

0
1 B
EY)

2

20

Sub-state 4
Neural Network 4 1

Sub-staye Z4

Sub-state X4
h =
=
3
I

151
5
20t 1
0 i 1 1 Il L 1 1 1
2 L . L L i 0 5 10 15 20 25 30 3 2 45 50
me

0 5 1 15 2 25 I 35 40 45 50 Time t
Tmme t

L

L

Fig. 11. Time evolution for sub-states 4 with initial state
Fig. 9. Time evolution for sub-states 4 with initial state Xn4(0) = (20,20,-10)"T

Xn4(0) = (20,20,-10)"T

T, = (20,20, -10)7,
10 o Ly, = nj=3,i=1,234. (25)

The experiment is performed as follows. Both
0 0 -1
systems, the recurrent neural network (2) and

r 20 the dynamical networks (24) and (25), evolve

Wo, = -3 4 0|, independently; at that time ¢t = 10 Seconds, the
0 23 proposed control law (22) is incepted. Simulation

tanh,,, (z(t — 7)) results are presented in Figs. 6-8, with o = A = 1,

o(zn,) = tanh,,, (z(t — 7)) |, for sub-sates of node 1. As can be seen, tracking

tanh,,, (z(t — 7)) is successfully achieved and error is asymptotically

Computacion y Sistemas, Vol. 23, No. 4, 2019, pp. 1583-1591
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stable, as it is shown in Figs. 9-11, with o = \ =
0.0005 for sub-states of node.

6 Conclusions

We have presented a controller design for
trajectory tracking of a fractional general complex
dynamical networks. This framework is based
on controlling dynamic neural networks using
Lyapunov-Krasovskii theory in the fractional case.
We obtained a control law in a purely theoretical
way, and can be therefore to a wide range of
problems in trajectory tracking.

The proposed control law guarantees the
stability of the tracking error between plant
and reference signals. The analytical results
obtained that predict the stability of the tracking
error between plant and reference signals are
satisfactory, which can be seen through simulation,
these clearly show the desired tracking.

As an example, the proposed control is applied
to a simple network with four different nodes and
five non-uniform links. In future work, we will
consider the stochastic case in fractional systems.
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