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Abstract—A class of nonlinear multiagent systems with time
delays and external noises is investigated, and a distributed adap-
tive robust control protocol is developed. It is the first time for a
class of multiagent systems to take both time delays and exter-
nal noises into consideration. By virtue of Lyapunov–Krasovskii
functional and Young’s inequality, the effects of time delay can be
eliminated. Then, to exclude external noises, a robustifying term
is introduced to eliminate the negative effects of these noises.
Moreover, neural networks are utilized to learn the unknown
nonlinear terms to adapt to the complex external environment.
Finally, a numerical simulation is conducted to validate the
effectiveness of our distributed control protocol.

Index Terms—Distributed adaptive robust control, multiagent
systems, neural networks (NNs), noises, time delay.

I. INTRODUCTION

FOR the last decade or so, multiagent systems have
received visible research attention, and the advance has

been notable [1]–[3]. The fundamental issues of multia-
gent systems including the consensus problem [4]–[9], dis-
tributed optimal control [10]–[12], formation control [13],
and others [14]–[19] have been extensively studied. Among
these studies, nonlinearity is ubiquitous in physical systems.
However, it is difficult to obtain the complete properties
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of the given systems with unknown nonlinear functions.
The neural network (NN) technique is a powerful tool for
approximating arbitrary functions [20]–[22], and it is reason-
able to choose NNs to adapt to the unknown dynamics of
multiagent systems. Polycarpou [23] proposed a stable adap-
tive neural control scheme to deal with nonlinear systems.
Chen et al. [24] introduced a distributed cooperative learning
control scheme with NNs to learn the unknown dynamics of
the multiagent systems online. In [25], the multiagent systems
were unknown and nonlinear with external disturbances. An
NN-based distributed control scheme and an adaptive robust
technique were designed to adapt to the unknown parts and
disturbances, respectively. However, none of them take time
delay into consideration. Large time delay can induce insta-
bility and increase the difficulty of NNs to learn the unknown
systems. Thus, in [26], by virtue of Lyapunov–Krasovskii
functional and Young’s inequality, time delays in the dynamics
of multiagent systems were eliminated and the error can be
reduced to an arbitrarily small domain. Noises can decrease
the accuracy of the measurement and deteriorate the effec-
tiveness of the technique used to eliminate the effects of time
delays which are considered in this paper. Therefore, we inves-
tigate unknown nonlinear multiagent systems with time delays
and external noises which are more practical for physical
systems.

To the best of authors’ knowledge, it is the first time to
include both noises and time delay in a class of nonlin-
ear multiagent systems. First, we apply Lyapunov–Krasovskii
functional and Young’s inequality to eliminate the effects of
time delays. Second, a robustifying term is introduced to
handle the external disturbances. Third, NNs aim to learn
the unknown nonlinear terms with the norm of NN weights
bounded. The simulation result shows that consensus can
be achieved under our distributed protocol. The result also
demonstrates the importance of introducing a robustifying term
to the distributed protocol.

The remainder of this paper is organized as follows. Basic
definitions and properties are given in Section II. By means of
Lyapunov–Krasovskii functional and Young’s inequality, a dis-
tributed adaptive robust control protocol is designed to obtain
consensus in the presence of external noises and time delays
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in Section III. In Section IV, a numerical example is con-
ducted to demonstrate the validity of our theorem, while the
conclusion is provided in Section V.

Notations (·)T denotes the transpose of matrix or vector.
tr(·) is the trace of a given matrix and ‖ · ‖ is the Frobenius
norm or Euclidian norm, and ‖B‖F = (

tr
(
BTB

))1/2
, where B ∈

R
n×n. ⊗ stands for the Kronecker product. diag(·) represents

diagonal matrix.

II. PRELIMINARIES AND PROBLEM STATEMENT

A. Problem Statement

The dynamics of the multiagent systems are as follows:

ẋi(t) = fi(xi(t))+ gi(xi(t − τi))+ ui(t)+ ξi(t)

i = 1, 2, . . . ,N (1)

where xi(·) ∈ R
m is the state vector, fi(·) : R

m → R
m and

gi(·) : R
m → R

m are continuous but unknown nonlinear vec-
tor functions, and ui(·) ∈ R

m is the control vector. In addition,
τi and ξi(·) ∈ R

m represent the unknown time delay and exter-
nal noises, respectively. For simplicity, in the sequel we will
ignore time expression t when there is no confusion.

Assumption 1 (See [27, Assumption 4]): gi(xi(t − τi)),
i = 1, 2, . . . ,N, are unknown smooth nonlinear functions sat-
isfying the inequalities ‖gi(xi(t))‖ ≤ φi(xi(t)), i = 1, 2, . . . ,N,
where φi(·), i = 1, 2, . . . ,N, are known positive smooth
scalar functions. Furthermore, gi(0) = 0 and φi(0) = 0,
i = 1, 2, . . . ,N.

Assumption 2 (See [27, Assumption 5]): The unknown time
delays τi, i = 1, 2, . . . ,N, are all bounded by a known constant
τmax, i.e., τi ≤ τmax, i = 1, 2, . . . ,N.

Assumption 3: The external noises ξi, i = 1, 2, . . . ,N, are
bounded, that is

‖ξi‖ ≤ αi, i = 1, 2, . . . ,N (2)

where αi, i = 1, 2, . . . ,N, are positive constants.

B. Graph Theory

A triplet G = {V, E,A} is called a weighted graph if V =
{1, 2, . . . ,N} is the set of N nodes, E ⊆ V × V is the set
of edges, and A = (Aij) ∈ R

N×N is the N×N matrix of
weights of G. Here, we denote Aij as the element of the ith
row and jth column of matrix A. The ith node in graph G
represents the ith agent, and a directed path from node i to
node j is denoted as an ordered pair (i, j) ∈ E , which means
that agent i can directly transfer its information to agent j.
A is called the adjacency matrix of graph G and we use the
notation G(A) : Aij 	= 0 ⇔ ( j, i) ∈ E to represent the fact that
graph G corresponds to A.

In this paper, we suppose that G is undirected and con-
nected with fixed topology. Note that self-loops will be
excluded in this paper, i.e., Aii = 0, i = 1, 2, . . . ,N. G is
called connected if there is a path between any two nodes
of G. Let D = diag(di) be an N×N diagonal matrix, where
di = ∑

j∈Ni
Aij and Ni = {j ∈ V|( j, i) ∈ E} are the set of

neighboring nodes of node i, i = 1, 2, . . . ,N. The Laplacian
matrix is L = D − A corresponding to G. In addition, for a

Fig. 1. Structure of the RBFNN.

connected graph, L has only one single zero eigenvalue [28].
We denote λN(L) ≥ λN−1(L) ≥ · · · ≥ λ2(L) ≥ λ1(L) = 0 as
the eigenvalues of L with λ2(L) > 0 if G is connected. We use
λmin(·) and λmax(·) to denote the smallest nonzero eigenvalue
and the largest eigenvalue of a given matrix, respectively.

C. Function Approximation and Neural Networks

In practice, we usually employ NNs as the function approx-
imators to model unknown functions. Radial basis func-
tion neural network (RBFNN) is a potential candidate for
approximating the unknown dynamics of multiagent sys-
tems in virtue of “linear-in-weight” property. In Fig. 1,
h(x) = [h1(x), h2(x), . . . , hm(x)]T : R

m → R
m is a continu-

ous unknown nonlinear function which can be approximated
by an RBFNN

h(x) = WT�(x) (3)

where x ∈ ϒx ⊂ R
m is the input vector, W ∈ R

p×m

is the weight matrix, and p represents the number of neu-
rons. Additionally, �(x) = [ϕ1(x), ϕ2(x), . . . , ϕp(x)]T is the
activation function vector and

ϕi(x) = exp

[
−(x − μi)

T(x − μi)

σ 2
i

]

, i = 1, 2, . . . , p (4)

where σi is the width of Gaussian functions and μi =
[μi1, μi2, . . . , μim]T is the center of the receptive field.
RBFNN can approximate any continuous function over a com-
pact set ϒx ⊂ R

m to arbitrary precision. Therefore, for a given
positive constant θN , there exists an ideal weight matrix W∗
such that

h(x) = W∗T�(x)+ θ (5)

where θ ∈ R
m is the approximation error with ‖θ‖ < θN in ϒx.

It should be noted that W∗ is introduced for convenience of
analysis. However, in real applications, we denote Ŵ as the
estimation of the ideal weight matrix W∗. Thus, the estimation
of h(x) can be written as

ĥ(x) = ŴT�(x) (6)

where Ŵ can be updated online. The online updating laws
will be given in Section III.
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III. CONSENSUS DISTRIBUTED CONTROL PROTOCOL

Our aim is to design a distributed adaptive robust control
protocol, which can drive the multiagent systems toward con-
sensus. We divide the distributed controller into five parts:
1) linear feedback term; 2) neural term; 3) robustifying term;
4) state limit term; and 5) time delay eliminating term. Before
proceeding, we introduce a Lyapunov–Krasovskii functional
as follows:

LQ(t) = 1

2

N∑

i=1

t∫

t−τi

Qi(xi(ζ ))dζ (7)

where Qi(xi(t)) = φ2
i (xi(t)). The time derivative of LQ(t) is

L̇Q(t) = 1

2

N∑

i=1

(
φ2

i (xi(t))− φ2
i (xi(t − τi))

)
. (8)

Next, we shed light on analyzing the function of each term
designed in our distributed controller ui

ui = −βi(t)ei − ŴT
i �i(xi)− γi tanh

(
κiγiei

εi

)

− sgn
(

eT
i xi

)
ψi(xi)xi − 1

2

ei

‖ei‖2
φ2

i (xi) (9)

where ei = ∑
j∈Ni

Aij(xi − xj) is the total error difference
of each agent i that utilizes the information from its neigh-
borhood. Additionally, sgn(·) is the sign function defined as
follows:

sgn(b) =
{

1, ∀b > 0
−1, ∀b ≤ 0.

(10)

In the sequel, for convenience of analysis, we will ignore
the declaration that i = 1, 2, . . . ,N and concentrate on agent i.

1) −βi(t)ei is the linear feedback controller utilized to drive
the ith agent to the final consensus state. It contains all the
information, which can be used by agent i, to guide its direc-
tion toward consensus. Moreover, if consensus can be reached,
then −βi(t)ei is set to zero to release the control impact.
It should be noted that βi(t) controls the convergence speed
of agent i, and thus it should not be too large for inducing
overshoot oscillation nor too small for lacking control effect.

2) In order to model the unknown dynamics fi(xi) in (1),
−ŴT

i �i(xi) is used to learn online the characteristics of fi(xi).
Ŵi ∈ R

pi×m represents the RBFNN weight matrix of agent i,
where pi is the number of neurons. Due to the fact that RBFNN
can approximate fi(xi) with arbitrarily small error, fi(xi) can
be written as follows:

fi(xi) = W∗T
i �i(xi)+ θi (11)

where W∗
i is the optimal weight matrix and ‖θi‖ ≤

θNi is the approximation error where θNi is a given
positive constant. Motivated by projection algorithm, we
can derive the adaptive updating law (12) for RBFNN

weight matrix Ŵi, i = 1, 2, . . . ,N,

˙̂Wi =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

ai�i(xi)eT
i , if tr

(
ŴT

i Ŵi

)
<Wmax

i or

if tr
(
ŴT

i Ŵi

)
= Wmax

i and eT
i ŴT

i �i(xi) < 0;

ai�i(xi)eT
i − ai

eT
i ŴT

i �i(xi)

tr
(
ŴT

i Ŵi

) Ŵi,

if tr
(
ŴT

i Ŵi

)
= Wmax

i and eT
i ŴT

i �i(xi) ≥ 0;

(12)

where ai > 0 has effect on the adaptation rate of Ŵi and
Wmax

i > 0 is utilized to constrain the value of Ŵi. It is noted
that the initial RBFNN weight matrix Ŵi(0) should satisfy that

tr
(
ŴT

i (0)Ŵi(0)
)

≤ Wmax
i . (13)

Thus, we let Ŵi(0) always be a zero matrix. Furthermore,
according to [25, Lemma 2], if the updating law is based
on (12), then we can obtain

tr
(
ŴT

i (t)Ŵi(t)
)

≤ Wmax
i , ∀t ≥ 0.

Remark 1: The projection algorithm defined in (12) is
effective. f̂i(xi) = ŴT

i �i(xi) is the output of RBFNN, then
eT

i ŴT
i �i(xi) can be seen as the value of f̂i(xi) projected onto ei.

When eT
i f̂i(xi) < 0, the angle between ei and f̂i(xi) is greater

than 90◦. Thus, we should decrease Ŵi. When eT
i f̂i(xi) > 0,

the angle between ei and f̂i(xi) is smaller than 90◦, and we
should increase Ŵi. Therefore, the final aim is to adjust the
angle to 90◦, that is, ei is vertical to f̂i(xi) and ei has no impact

on f̂i(xi) with ˙̂Wi = 0. This means that RBFNN weight matrix
Ŵi has learned the unknown dynamics fi(xi) of agent i.

3) The function −γi tanh((κiγiei)/εi) is to eliminate negative
effects of the external noises ξi and RBFNN approximation
error θi, where κi = 0.2785 (more details can be found in [23]).
Furthermore, γi is the robust gain satisfying

γi ≥ θNi + αi (14)

and εi > 0 is related to parameter precision. By virtue
of [23, Lemma 1], we can easily get the following inequalities:

eT
i γi tanh

(
κiγiei

εi

)
≥ 0 (15a)

γi‖ei‖ − eT
i γi tanh

(
κiγiei

εi

)
≤ εi. (15b)

4) We utilize −sgn(eT
i xi)ψi(xi)xi to constrain agent i’s state

in a finite scope. Denote ψi(·) as follows:

ψi(xi) =

⎧
⎪⎨

⎪⎩

0, if ‖xi‖ ≤ c1‖xi‖ − c1

c2 − c1
ηi, if c1 < ‖xi‖ < c2

ηi, if ‖xi‖ ≥ c2

(16)
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where c2 > c1 > 0 and ηi are all given positive constants.
c1 satisfies

‖xi(0)‖ < c1, i = 1, 2, . . . ,N. (17)

It is noted that the initial state of each agent is finite in
industrial application. Therefore, it is plausible to choose c1
properly when we design our distributed control protocol.
Lemma 1 in the Appendix demonstrates that if the following
inequality:

ηi >
1

c2

(
2
√

pi

√
Wmax

i + (
1 + √

m
)
γi + φmax

i

)
(18)

holds, then we can obtain

‖xi(t)‖ ≤ c2, ∀t ≥ 0. (19)

Please refer to Lemma 1 for more details.
5) −(1/2)(ei/‖ei‖2)φ2

i (xi) is introduced to eliminate the
effect of time delays. Note that −(1/2)(ei/‖ei‖2)φ2

i (xi) has
singularity at ‖ei‖ = 0. Thus, we should exclude zero from
control domain. At some given times t′, we choose k ∈ V ,
such that ek(t′) = 0, i.e.,

∑
j∈Nk

Akj(xk(t′)−xj(t′)) = 0. Then,
xk can be linearly expressed by other agents’ states. Therefore,
at t′ we can only control the states of other N − 1 agents to
reach the consensus except for agent k and set uk(t′) = 0.
If there are more than one agent whose error differences are
zero, we can use the same method. However, from a practical
point of view, ei = 0 is difficult to detect due to the pres-
ence of measurement noises. Thus, intuitively it is plausible
to introduce a “ball” region of errors to relax the consensus
objective rather than the simple origin.

Similar to the definition in [27], we define a compact set
�xi ⊂ R

m. Then, ∀i ∈ V , �b̂i
⊂ �xi , and �o

b̂i
are

�o
b̂i

� �xi −�b̂i
=
{

x | x ∈ �xi, x /∈ �b̂i

}
(20)

�b̂i
�
{

ei | ‖ei‖ < b̂i

}
(21)

where b̂i is a given positive constant and can be set
arbitrarily small to satisfy control precision. According
to [27, Lemma 3], we can easily know that �o

b̂i
is a

compact set.
Therefore, the distributed control protocol is as follows:

ui =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

−βi(t)ei − ŴT
i �i(xi)− γi tanh

(
κiγiei

εi

)

−sgn
(
eT

i xi
)
ψi(xi)xi − 1

2

ei

‖ei‖2
φ2

i (xi), ei ∈ �o
b̂i

0, ei ∈ �b̂i

(22)

i = 1, 2, . . . ,N. Now, we are in position to propose the main
theorem.

Theorem 1: A class of nonlinear multiagent systems is
described by (1) with Assumptions 1–3 satisfied. The dis-
tributed control protocol is given in (22) and the linear
feedback coefficients are

βi(t) =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

1

ki

[
1

‖ei‖2

t∫

t−τmax

1

2
Qi(xi(ζ ))dζ

+1 + λmax(M)

2

]
+ βi0 + 1

2
, ei ∈ �o

b̂i

0, i = 1, 2, . . . ,N, ei ∈ �b̂i

(23)

where βi0 > 0 and ki > 0. RBFNN weight matrix updating law
is given in (12) and the initial conditions satisfy (13) and (17).
Then, the nonlinear multiagent systems will reach consensus.

Proof: First, we concentrate on the case where ei ∈ �o
b̂i

,
i = 1, 2, . . . ,N. We construct a Lyapunov function

V(t) = Vx(t)+ LQ(t)+ 1

2

N∑

i=1

tr

(
1

ai
W̃T

i W̃i

)

= 1

2
xT(L ⊗ Im)x + 1

2

N∑

i=1

t∫

t−τi

Qi(xi(ζ ))dζ

+1

2

N∑

i=1

tr

(
1

ai
W̃T

i W̃i

)
(24)

where x = [xT
1 , xT

2 , . . . , xT
N]T ∈ R

mN , W̃i = W∗
i − Ŵi,

and Vx(t) = (1/2)xT(L ⊗ Im)x. Furthermore, the communi-
cation topology is undirected and connected. Thus, zero is
an m-multiplicity eigenvalue of L ⊗ Im and we define the
corresponding eigenvectors of these zero eigenvalues as the
following form:

l̂1 =
[
lT1 , lT1 , . . . , lT1

]T ∈ R
mN

l̂2 =
[
lT2 , lT2 , . . . , lT2

]T ∈ R
mN

...

l̂m =
[
lTm, lTm, . . . , lTm

]T ∈ R
mN (25)

where li ∈ R
m is a column vector whose ith element is

1/
√

N with all the other elements zero. Consequently, assume
that l̂m+1, l̂m+2, . . . , l̂mN are the remaining eigenvectors of
matrix L ⊗ Im. Therefore, we choose l̂1, l̂2, . . . , l̂mN as a set
of orthogonal bases of space R

mN . With the aid of matrix
theory, we can obtain that T = [l̂1, l̂2, . . . , l̂mN] ∈ R

mN×mN

and TTT = TTT = ImN , where TT = T−1. Hence

xT(L ⊗ Im)x = xTTT�Tx

= xTTT
√
�

√
�Tx

= xTTT
√
�
√
�̄
√
�̄−1

√
�̄−1

√
�̄

√
�Tx

= xTTT�TTT�̄−1TTT�Tx

= xT(L ⊗ Im)
TM(L ⊗ Im)x

= eTMe (26)

where

� = diag(0Im, λ2Im, λ3Im, . . . , λnIm)√
� = diag

(
0Im,

√
λ2Im,

√
λ3Im, . . . ,

√
λnIm

)

�̄ = diag(λ2Im, λ2Im, λ3Im, . . . , λnIm)√
�̄ = diag

(√
λ2Im,

√
λ2Im,

√
λ3Im, . . . ,

√
λnIm

)
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M = TT�̄−1T is a positive definite matrix and e =
[eT

1 , eT
2 , . . . , eT

N]T is a column vector. Then, we have

dV(t)

dt
=

N∑

i=1

eT
i

[
W∗T

i �i(xi)+θi+ξi+gi(xi(t − τi))

− βiei − ŴT
i �i(xi)− γi tanh

(
κiγiei

εi

)

− sgn
(

eT
i xi

)
ψi(xi)xi − 1

2

ei

‖ei‖2
φ2

i (xi)

]

+ 1

2

N∑

i=1

[
φ2

i (xi(t))− φ2
i (xi(t − τi))

]

−
N∑

i=1

tr

(
1

ai
W̃T

i
˙̂Wi

)

≤
N∑

i=1

‖ei‖(θNi + αi + φi(xi(t − τi)))

+
N∑

i=1

eT
i

[
W̃T

i �i(xi)−γi tanh

(
κiγiei

εi

)
−βiei

]

−
N∑

i=1

sgn
(

eT
i xi

)
ψi(xi)e

T
i xi−

N∑

i=1

1

2
φ2

i (xi(t − τi))

−
N∑

i=1

tr

(
1

ai
W̃T

i
˙̂Wi

)
.

With (14), (15b), and Young’s inequality, we can infer that

dV(t)

dt
≤

N∑

i=1

[
γi‖ei‖ − γie

T
i tanh

(
κiγiei

εi

)]

−
N∑

i=1

βi‖ei‖2 + 1

2

N∑

i=1

‖ei‖2

+
N∑

i=1

1

2
φ2

i (xi(t − τi))

−
N∑

i=1

tr

[
W̃T

i

(
1

ai

˙̂Wi −�i(xi)e
T
i

)]

−
N∑

i=1

1

2
φ2

i (xi(t − τi))

≤
N∑

i=1

εi −
N∑

i=1

(
βi − 1

2

)
‖ei‖2

−
N∑

i=1

tr

[
W̃T

i

(
1

ai

˙̂Wi −�i(xi)e
T
i

)]
.

According to (12), we discuss the following two cases.

1) If ˙̂Wi = ai�i(xi)eT
i , then

tr

[
W̃T

i

(
1

ai

˙̂Wi −�i(xi)e
T
i

)]
= 0.

2) If ˙̂Wi = ai�i(xi)eT
i − ai(eT

i ŴT
i �i(xi))/(tr(ŴT

i Ŵi))Ŵi,
then

tr

[
W̃T

i

(
1

ai

˙̂Wi −�i(xi)e
T
i

)]
= −eT

i ŴT
i �i(xi)

tr
(
ŴT

i Ŵi

) tr
(
W̃T

i Ŵi

)
.

(27)

Furthermore

tr
(
W̃T

i Ŵi

)
= tr

(
W̃T

i W∗
i

)
− tr

(
W̃T

i W̃i

)

= 1

2

[
tr
(
W̃T

i W∗
i

)
+ tr

(
W∗T

i W̃i

)]
− tr

(
W̃T

i W̃i

)

= 1

2

[
tr
(
W∗

i
TW∗

i

)
− tr

(
ŴT

i W∗
i

)]

+ 1

2

[
tr
(
ŴT

i W̃i

)
+ tr

(
W̃T

i W̃i

)]
− tr

(
W̃T

i W̃i

)

= 1

2
tr
(
W∗T

i W∗
i

)
− 1

2
tr
(
ŴT

i Ŵi

)
− 1

2
tr
(
W̃T

i W̃i

)

≤ 0

where

tr
(
W̃T

i W̃i

)
≥ 0

and

tr
(
ŴT

i Ŵi

)
= Wmax

i ≥ tr
(
W∗T

i W∗
i

)
.

Then along with

tr
(
ŴT

i Ŵi

)
= Wmax

i > 0 and eT
i ŴT

i �i(xi) ≥ 0

we can obtain that

tr

(
W̃T

i

(
1

ai

˙̂Wi −�i(xi)e
T
i

))
≥ 0

holds. In terms of Assumption 2, we have

1

2

N∑

i=1

t∫

t−τi

Qi(xi(ζ ))dζ ≤ 1

2

N∑

i=1

t∫

t−τmax

Qi(xi(ζ ))dζ.

Consequently

dV(t)

dt
≤ −

N∑

i=1

βi0‖ei‖2 −
N∑

i=1

1

ki

t∫

t−τmax

1

2
Qi(xi(ζ ))dζ

−
N∑

i=1

1

ki

[
1 + λmax(M)

2

]
‖ei‖2 +

N∑

i=1

εi

≤ −1

k
Vx(t)− 1

k
LQ(t)+ ε

−
N∑

i=1

2Wmax
i

kai
+

N∑

i=1

2Wmax
i

kai

≤ −1

k
Vx(t)− 1

k
LQ(t)− 1

2k

N∑

i=1

tr

(
1

ai
W̃T

i W̃i

)

+
N∑

i=1

2Wmax
i

kai
+ ε

≤ −1

k
V(t)+

N∑

i=1

2Wmax
i

kai
+ ε
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Fig. 2. Topology of example with eight agents.

where k = maxi∈V ki and ε = ∑N
i=1 εi. Then according to

[29, Lemma 1.1], we have

V(t) ≤ V(0)e− 1
k t + ν

(
1 − e− 1

k t
)

(28)

where ν = ∑N
i=1(2Wmax

i )/ai + kε.
Therefore, as t → ∞, V(t) is bounded. Next, we demon-

strate that ei(t) can be reduced to an arbitrarily small domain.
With (24) and (28), we obtain

λmin(M)

2

N∑

i=1

‖ei(t)‖2 ≤ Vx(t) ≤ ν + V(0)e− 1
k t.

That is
N∑

i=1

‖ei(t)‖2 ≤ 2

λmin(M)
ν + 2

λmin(M)
V(0)e− 1

k t. (29)

Thus, there exists t0 > 0 such that if t > t0, then we can
obtain

‖ei(t)‖ <
√

2

λmin(M)
ν, i = 1, 2, . . . ,N.

Choosing Wmax
i , ai, ki, and εi properly, we can eventually

derive ei(t) ∈ �b̂i
, i = 1, 2, . . . ,N, where

b̂i ≥
√

2

λmin(M)
ν, i = 1, 2, . . . ,N.

As we have stated before while talking about
−(1/2)(ei/‖ei‖2)φ2

i (xi) in (9), ∃k ∈ V such that ek ∈ �b̂k
, we

can suppose that xk has achieved the consensus state of its
own and hold xk still. We set uk = 0 and drive other N − 1
agents toward consensus. Moreover, we utilize the same
trick for the case where there are more than one agent who
come up with the similar conditions above. Finally, when
ei(t) ∈ �b̂i

, ∀i, the consensus will be achieved.

IV. SIMULATION EXAMPLE

In this example, a multiagent system containing eight agents
is shown in Fig. 2. Each agent can represent a robot that moves
on the plane with x- and y-axis. xi = [xi1, xi2]T is the position
of agent i. In addition, the dynamics of the multiagent system
is described by the following equations:

d

dt

[
xi1(t)
xi2(t)

]
=
[

xi2(t) sin(pi1xi1(t))
xi1(t) cos(pi2x2

i2(t))

]
+ ui + ξi

+
[

si1x2
i1(t − τi)

si2xi2(t − τi) sin(xi1(t − τi))

]
(30)

TABLE I
COEFFICIENT VALUES OF AGENT i

TABLE II
COEFFICIENT VALUES OF TIME DELAY OF AGENT i

TABLE III
TIME DELAY OF AGENT i

Fig. 3. Trajectories of eight agents on the plane.

where pi1, pi2 and si1, si2 are the corresponding constant
coefficients given in Tables I and II. We choose φi(xi) =√
(si1x2

i1)
2 + (si2xi2)2. τi and τmax are time delays shown in

Table III. ξ = [ξT
1 , ξ

T
2 , ξ

T
3 , ξ

T
4 , ξ

T
5 , ξ

T
6 , ξ

T
7 , ξ

T
8 ]T is the external

noise vector added to control input, where
⎡

⎢⎢
⎢⎢⎢⎢⎢
⎢⎢⎢⎢⎢⎢
⎣

ξT
1

ξT
2

ξT
3

ξT
4

ξT
5

ξT
6

ξT
7

ξT
8

⎤

⎥⎥
⎥⎥⎥⎥⎥
⎥⎥⎥⎥⎥⎥
⎦

=

⎡

⎢⎢⎢⎢⎢⎢
⎢⎢⎢⎢
⎣

exp(−2t) sin(2t2)
exp(−3t) cos(0.5t2)

sin(t2) sin(t) exp(−3t)
− cos(t2) cos(t) exp(−2t)

− cos(t2) sin(t2) sin(−t) exp(−3t)
sin(t2) exp(−5t) sin(2t) cos(t2)

− cos(t) exp(−2t)
exp(−5t) cos(−0.1t2)

⎤

⎥⎥⎥⎥⎥⎥
⎥⎥⎥⎥
⎦

.

We suppose that the initial states of the multiagent system
are on a circle with radius 5. We suppose that all the eight
agents have the same parameters. βi0 = 50, βi = 50,Wmax

i =
100, ai = 100, b̂i = 4 × 10−3, γi = 2, κi = 0.2785, εi =
0.01, c1 = 7, c2 = 10, and ηi = 50. The number of neurons for
each RBFNN is 16 and σ 2

i = 2. μis are distributed uniformly
among the range [−5, 5] × [−5, 5].

Our control objective is to drive the eight robots on the
plane to the consensus states, i.e., to the same position. Fig. 3
illustrates that the eight agents can reach consensus with
the distributed control protocol (22) designed in Section III.
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(a)

(b)

Fig. 4. Trajectories of two dimensions of eight agents on the plane. (a) First
dimension trajectories of eight agents. (b) Second dimension trajectories of
eight agents.

Fig. 5. Consensus error trajectories of eight agents.

Additionally, Fig. 4 shows the trajectories of two dimensions
which further demonstrates that all the eight agents approach
the consensus states eventually. To show the consensus error,
we define the measurement of consensus error of each agent

xe
i =

∣∣∣∣∣∣
xi1 − 1

8

8∑

j=1

xj1

∣∣∣∣∣∣
+
∣∣∣∣∣∣
xi2 − 1

8

8∑

j=1

xj2

∣∣∣∣∣∣
, i = 1, 2, . . . , 8.

(31)

In Fig. 5, it shows that the consensus error of each agent can
gradually approach the given ball-region �b̂i

.
Remark 2: In Fig. 6, we remove the robustifying term from

the control input. Then we can see that at t = 10 s, it is diffi-
cult to obtain consensus comparing with what we see in Fig. 5.
Feedback control term can decrease the error at the begin-
ning. However, when the effect of feedback term becomes
weak, the external noises dominate the signal which are diffi-
cult to be excluded. Therefore, comparing with [26], external
noises are negative factors for control performance which can-
not be neglected and it is of great importance to investigate
the nonlinear multiagent systems especially including noises.

Remark 3: Actually, RBFNN needs a period of time to
learn the unknown dynamics of the multiagent systems. Thus,
the linear feedback control plays a dominant role at the begin-
ning time. From the view of engineering and practical systems,

Fig. 6. Consensus error trajectories of eight agents without robustifying term.

the form of Lyapunov–Krasovskii functional (7) needs to
specify the value of state when t < τi. Here we assume that
xi(t) ≡ 0, i = 1, 2, . . . ,N, ∀t < 0.

V. CONCLUSION

We study a class of unknown nonlinear multiagent sys-
tems with external disturbances and time delays. With the
help of NN techniques, we can approximate the unknown
nonlinear dynamics of multiagent systems. Moreover, we use
Lyapunov–Krasovskii functional and Young’s inequality to
eliminate time delay effects. Meanwhile, we add a robusti-
fying term to the control protocol so as to limit the negative
effects of external disturbances. Our future work will con-
centrate on directed communication topology, leader–follower
collision avoidance, and unknown coefficients of the states.

APPENDIX

Lemma 1: If the distributed adaptive robust control protocol
is defined by (9), then we can derive that

‖xi(t)‖ ≤ c2, i = 1, 2, . . . ,N, ∀t ≥ 0. (32)

Proof: First, let Pxi = 1

2
xT

i xi = 1

2
‖xi‖2. Then

dPxi(t)

dt
= xT

i ẋi

= xT
i

[
W∗

i
T
�i(xi)+ θi + ξi + gi(xi(t − τi))

− βiei − ŴT
i �i(xi)− γi tanh

(
κiγiei

εi

)

− sgn
(

eT
i xi

)
ψi(xi)xi − 1

2

ei

‖ei‖2
φ2

i (xi)

]

≤ ‖xi‖‖W̃i‖F‖�i(xi)‖ + ‖xi‖αi + ‖xi‖θNi

+ ‖xi‖φi(xi(t − τi))− βie
T
i xi

+ γi‖xi‖
∥∥∥∥tanh

(
κiγiei

εi

)∥∥∥∥− 1

2

eT
i xi

‖ei‖2
φ2

i (xi)

− sgn
(

eT
i xi

)
ψi(xi)‖xi‖2

≤ −
(

βi + φ2
i (xi)

2‖ei‖

)

eT
i xi − sgn

(
eT

i xi

)
ψi(xi)‖xi‖2

+
(

2
√

pi

√
Wmax

i + (
1 + √

m
)
γi

)
‖xi‖

+ ‖xi‖φi(xi(t − τi))
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where pi is the number of neurons of agent i and m is the
dimension of xi. The initial state of agent i is bounded in the
range of ‖xi(0)‖ < c1. With the aid of contradiction, suppose
that there exists t1 such that

⎧
⎨

⎩
‖xk(t1)‖ = c2,

dPxk(t)

dt

∣∣∣
∣
t=t1

> 0

‖xi(t1)‖ ≤ c2, 0 ≤ t ≤ t1, i ∈ V/k.
(33)

Then

eT
k xk ≥ dk‖xk‖2 −

∑

j∈Ni

Akj‖xj‖‖xk‖ ≥ c2
2

⎛

⎝dk −
∑

j∈Ni

Akj

⎞

⎠ = 0.

According to Assumption 1 and (33) where ‖xi‖ ≤ c2 when
t ≤ t1, we can obtain that φi(xi(t)) has an upper bound φmax

i =
max

i∈V,t≤t1
φi(xi(t)). Therefore

dPxk(t)

dt

∣∣∣∣
t=t1

≤
(

2
√

pk

√
Wmax

k + (1 + √
m)γk

)
c2

+ φmax
k c2 − ηkc2

2. (34)

Subsequently, if

ηk >
1

c2

(
2
√

pk

√
Wmax

k + (1 + √
m)γk + φmax

k

)
(35)

holds, then

dPxk(t)

dt

∣∣∣∣
t=t1

≤ 0

which is a contradiction with (33).
Therefore, if ‖xi(0)‖ ≤ c1, then ‖xi(t)‖ ≤ c2, i =

1, 2, . . . ,N, ∀t ≥ 0.

REFERENCES

[1] Y. Cao, W. Yu, W. Ren, and G. Chen, “An overview of recent progress
in the study of distributed multi-agent coordination,” IEEE Trans. Ind.
Informat., vol. 9, no. 1, pp. 427–438, Feb. 2013.

[2] W. Ren, R. W. Beard, and E. M. Atkins, “A survey of consensus
problems in multi-agent coordination,” in Proc. Amer. Control Conf.,
Portland, OR, USA, Jun. 2005, pp. 1859–1864.

[3] R. Olfati-Saber, J. A. Fax, and R. M. Murray, “Consensus and coop-
eration in networked multi-agent systems,” Proc. IEEE, vol. 95, no. 1,
pp. 215–233, Jan. 2007.

[4] H. Zhang, J. Zhang, G.-H. Yang, and Y. Luo, “Leader-based optimal
coordination control for the consensus problem of multiagent differential
games via fuzzy adaptive dynamic programming,” IEEE Trans. Fuzzy
Syst., vol. 23, no. 1, pp. 152–163, Feb. 2015.

[5] H. Li, X. Liao, and T. Huang, “Second-order locally dynamical con-
sensus of multiagent systems with arbitrarily fast switching directed
topologies,” IEEE Trans. Syst., Man, Cybern., Syst., vol. 43, no. 6,
pp. 1343–1353, Nov. 2013.

[6] W. Chen, X. Li, W. Ren, and C. Wen, “Adaptive consensus of multi-
agent systems with unknown identical control directions based on a
novel Nussbaum-type function,” IEEE Trans. Autom. Control, vol. 59,
no. 7, pp. 1887–1892, Jul. 2014.

[7] Y. Wang, L. Cheng, W. Ren, Z.-G. Hou, and M. Tan, “Seeking consen-
sus in networks of linear agents: Communication noises and Markovian
switching topologies,” IEEE Trans. Autom. Control, vol. 60, no. 5,
pp. 1374–1379, May 2015.

[8] H. Ma, D. Liu, D. Wang, F. Tan, and C. Li, “Centralized and
decentralized event-triggered control for group consensus with fixed
topology in continuous time,” Neurocomputing, vol. 161, pp. 267–276,
Aug. 2015.

[9] L. Cheng, H. Wang, Z.-G. Hou, and M. Tan, “Reaching a consen-
sus in networks of high-order integral agents under switching directed
topologies,” Int. J. Syst. Sci., vol. 47, no. 8, pp. 1966–1981, 2016.

[10] D. Liu, D. Wang, and H. Li, “Decentralized stabilization for a class
of continuous-time nonlinear interconnected systems using online learn-
ing optimal control approach,” IEEE Trans. Neural Netw. Learn. Syst.,
vol. 25, no. 2, pp. 418–428, Feb. 2014.

[11] X. Han, S. Mandal, K. R. Pattipati, D. L. Kleinman, and M. Mishra,
“An optimization-based distributed planning algorithm: A blackboard-
based collaborative framework,” IEEE Trans. Syst., Man, Cybern., Syst.,
vol. 44, no. 6, pp. 673–686, Jun. 2014.

[12] H. Zhang, T. Feng, G.-H. Yang, and H. Liang, “Distributed cooperative
optimal control for multiagent systems on directed graphs: An inverse
optimal approach,” IEEE Trans. Cybern., vol. 45, no. 7, pp. 1315–1326,
Jul. 2015.

[13] J.-L. Lin, K.-S. Hwang, and Y.-L. Wang, “A simple scheme for formation
control based on weighted behavior learning,” IEEE Trans. Neural Netw.
Learn. Syst., vol. 25, no. 6, pp. 1033–1044, Jun. 2014.

[14] V. Loia and A. Vaccaro, “Decentralized economic dispatch in smart grids
by self-organizing dynamic agents,” IEEE Trans. Syst., Man, Cybern.,
Syst., vol. 44, no. 4, pp. 397–408, Apr. 2014.

[15] I. J. Perez, F. J. Cabrerizo, S. Alonso, and E. Herrera-Viedma, “A new
consensus model for group decision making problems with non-
homogeneous experts,” IEEE Trans. Syst., Man, Cybern., Syst., vol. 44,
no. 4, pp. 494–498, Apr. 2014.

[16] M. Owliya, M. Saadat, G. G. Jules, M. Goharian, and R. Anane,
“Agent-based interaction protocols and topologies for manufacturing
task allocation,” IEEE Trans. Syst., Man, Cybern., Syst., vol. 43, no. 1,
pp. 38–52, Jan. 2013.

[17] C.-M. Chao, Y.-Z. Wang, and M.-W. Lu, “Multiple-rendezvous multi-
channel MAC protocol design for underwater sensor networks,” IEEE
Trans. Syst., Man, Cybern., Syst., vol. 43, no. 1, pp. 128–138, Jan. 2013.

[18] H. Liu, L. Cheng, M. Tan, and Z.-G. Hou, “Containment control of
continuous-time linear multi-agent systems with aperiodic sampling,”
Automatica, vol. 57, no. 7, pp. 78–84, Jul. 2015.

[19] L. Cheng, Z.-G. Hou, and M. Tan, “A mean square consensus proto-
col for linear multi-agent systems with communication noises and fixed
topologies,” IEEE Trans. Autom. Control, vol. 59, no. 1, pp. 261–267,
Jan. 2014.

[20] R. M. Sanner and J.-J. E. Slotine, “Gaussian networks for direct adap-
tive control,” IEEE Trans. Neural Netw., vol. 3, no. 6, pp. 837–863,
Nov. 1992.

[21] W. Chen, S. S. Ge, J. Wu, and M. Gong, “Globally stable adaptive
backstepping neural network control for uncertain strict-feedback sys-
tems with tracking accuracy known a priori,” IEEE Trans. Neural Netw.
Learn. Syst., vol. 26, no. 9, pp. 1842–1854, Sep. 2015.

[22] H. Zhang, D. Liu, Y. Luo, and D. Wang, “Adaptive dynamic program-
ming for control,” in Algorithms and Stability. London, U.K.: Springer,
2013.

[23] M. M. Polycarpou, “Stable adaptive neural control scheme for nonlinear
systems,” IEEE Trans. Autom. Control, vol. 41, no. 3, pp. 447–451,
Mar. 1996.

[24] W. Chen, S. Hua, and H. Zhang, “Consensus-based distributed coop-
erative learning from closed-loop neural control systems,” IEEE Trans.
Neural Netw. Learn. Syst., vol. 26, no. 2, pp. 331–345, Feb. 2015.

[25] Z.-G. Hou, L. Cheng, and M. Tan, “Decentralized robust adaptive control
for the multiagent system consensus problem using neural networks,”
IEEE Trans. Syst., Man, Cybern. B, Cybern., vol. 39, no. 3, pp. 636–647,
Jun. 2009.

[26] C. L. P. Chen, G.-X. Wen, Y.-J. Liu, and F.-Y. Wang, “Adaptive consen-
sus control for a class of nonlinear multiagent time-delay systems using
neural networks,” IEEE Trans. Neural Netw. Learn. Syst., vol. 25, no. 6,
pp. 1217–1226, Jun. 2014.

[27] S. S. Ge, F. Hong, and T. H. Lee, “Adaptive neural control of nonlinear
time-delay systems with unknown virtual control coefficients,” IEEE
Trans. Syst., Man, Cybern. B, Cybern., vol. 34, no. 1, pp. 499–516,
Feb. 2004.

[28] R. Olfati-Saber and R. M. Murray, “Consensus problems in networks of
agents with switching topology and time-delays,” IEEE Trans. Autom.
Control, vol. 49, no. 9, pp. 1520–1533, Sep. 2004.

[29] S. S. Ge and C. Wang, “Adaptive neural control of uncertain MIMO non-
linear systems,” IEEE Trans. Neural Netw., vol. 15, no. 3, pp. 674–692,
May 2004.



758 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS: SYSTEMS, VOL. 46, NO. 6, JUNE 2016

Hongwen Ma (S’14) received the B.S. degree
in electric engineering and automation from the
Nanjing University of Science and Technology,
Nanjing, China, in 2012. He is currently pursuing
the Ph.D. degree with the State Key Laboratory
of Management and Control for Complex Systems,
Institute of Automation, Chinese Academy of
Sciences, Beijing, China.

He is also with the University of Chinese
Academy of Sciences, Beijing, where he is a Merit
Student. His current research interests include neural

networks, networked control systems, and multiagent systems.
Mr. Ma was a recipient of the IEEE Student Travel Grants and the IEEE

Computational Intelligence Society Graduate Student Research Grants.

Zhuo Wang (M’15) received the B.E. degree in
automation from Beihang University, Beijing, China,
in 2006, and the Ph.D. degree in electrical and com-
puter engineering from the University of Illinois at
Chicago, Chicago, IL, USA, in 2013.

He was a Post-Doctoral Fellow with the
Department of Electrical and Computer Engineering,
University of Alberta, Edmonton, AB, Canada, from
2013 to 2014. He is currently a Research Assistant
Professor with the Fok Ying Tung Graduate School,
Hong Kong University of Science and Technology,

Hong Kong. His current research interests include data-based control and
system analysis, adaptive control, trajectory tracking control, artificial neural
networks, and event-triggered control.

Ding Wang (M’15) received the B.S. degree in
mathematics from the Zhengzhou University of
Light Industry, Zhengzhou, China, in 2007, the
M.S. degree in operations research and cybernet-
ics from Northeastern University, Shenyang, China,
in 2009, and the Ph.D. degree in control the-
ory and control engineering from the Institute of
Automation, Chinese Academy of Sciences, Beijing,
China, in 2012.

He is currently an Associate Professor with the
State Key Laboratory of Management and Control

for Complex Systems, Institute of Automation, Chinese Academy of Sciences.
His current research interests include neural networks, learning systems, and
complex systems and intelligent control.

Derong Liu (S’91–M’94–SM’96–F’05) received
the Ph.D. degree in electrical engineering from the
University of Notre Dame, Notre Dame, IN, USA,
in 1994.

He was a Staff Fellow with General Motors
Research and Development Center, Warren, MI,
USA, from 1993 to 1995. He was an Assistant
Professor with the Department of Electrical
and Computer Engineering, Stevens Institute of
Technology, Hoboken, NJ, USA, from 1995 to 1999.
He joined the University of Illinois at Chicago,

Chicago, IL, USA, in 1999, and became a Full Professor of Electrical
and Computer Engineering, and Computer Science in 2006. He served as
the Associate Director of the State Key Laboratory of Management and
Control for Complex Systems, Institute of Automation, Chinese Academy
of Sciences, Beijing, China, from 2010 to 2015. He is currently a Professor
with the School of Automation and Electrical Engineering, University of
Science and Technology Beijing, Beijing. He has published over 15 books
(six research monographs and nine edited volumes).

Mr. Liu was a recipient of the Faculty Early Career Development Award
from the National Science Foundation in 1999, the University Scholar Award
from the University of Illinois from 2006 to 2009, the Overseas Outstanding
Young Scholar Award from the National Natural Science Foundation of
China in 2008, and the Outstanding Achievement Award from Asia Pacific
Neural Network Assembly in 2014. He was selected for the 100 Talents
Program by the Chinese Academy of Sciences in 2008. He is an Elected
Administrative Committee Member of the IEEE Computational Intelligence
Society and the Editor-in-Chief of the IEEE TRANSACTIONS ON NEURAL

NETWORKS AND LEARNING SYSTEMS. He was the General Chair of the
2014 IEEE World Congress on Computational Intelligence. He is the General
Chair of the 2016 World Congress on Intelligent Control and Automation.
He is a Fellow of the International Neural Network Society.

Pengfei Yan (S’13) received the B.S. degree from
Wuhan University, Wuhan, China, in 2011. He
is currently pursuing the Ph.D. degree in control
theory and control engineering with the State
Key Laboratory of Management and Control for
Complex Systems, Institute of Automation, Chinese
Academy of Sciences, Beijing, China.

He is also with the University of Chinese
Academy of Sciences, Beijing. His current research
interests include adaptive dynamic program-
ming, data-driven control, adaptive control, and
neural networks.

Qinglai Wei (M’11) received the B.S. degree in
automation, the M.S. degree in control theory and
control engineering, and the Ph.D. degree in control
theory and control engineering from Northeastern
University, Shenyang, China, in 2002, 2005, and
2008, respectively.

From 2009 to 2011, he was a Post-Doctoral
Fellow with the State Key Laboratory of
Management and Control for Complex Systems,
Institute of Automation, Chinese Academy of
Sciences, Beijing, China, where he is currently

an Associate Professor. He has authored one book, and published over
40 international journal papers. His current research interests include
neural-networks-based control, adaptive dynamic programming, optimal
control, and nonlinear systems and their industrial applications.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


