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Abstract: This paper investigates decentralized tracking control (DTC) problem for unknown large-scale systems via adaptive
dynamic programming. The DTC consists of local desired control and local tracking error control. By replacing the actual states
of coupled subsystems in interconnection terms with their desired states, the norm-boundedness assumption can be removed.
Based on local neural network (NN) observers, unknown subsystems can be identified. It helps to obtain the local desired control
with corresponding desired states. By establishing a proper local cost function, the local tracking error control is derived via
local critic NN and the identified input gain matrix. Consider the entire error caused by replacement, identification and critic
NN approximation, an adaptive robust term is added to construct the robust local cost function that reflects the entire error,
regulation and control simultaneously. Therefore, the asymptotic stability can be guaranteed for the closed-loop tracking system
via Lyapunov stability theorem. To demonstrate the effectiveness of the proposed DTC, simulation on a hard spring connected
parallel inverted pendulum system is given.
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1 Introduction

Decentralized control strategy is widely implemented to

large-scale systems by using only the local information of

corresponding subsystems. However, how to handle the in-

terconnections is the major challenge in designing decentral-

ized controllers. To solve this problem, considerable efforts

have been made to design decentralized controllers for large-

scale systems [1–5]. Despite of these methods have achieved

excellent control performance, it is often desirable to design

a controller which not only keeps systems stable, but also

guarantees an adequate level of performance. It is worth

pointing out that adaptive dynamic programming (ADP) [6]

can solve Hamilton-Jacobi-Bellman (HJB) equations for op-

timal control of nonlinear systems.

Recently, ADP based decentralized control problems have

been tackled extensively. For linear interconnected system-

s, Bian et al. [7] presented a decentralized control via ro-

bust ADP and policy iteration (PI) technique for complex

systems with unknown parameters and dynamic uncertain-

ties. Liu et al. [8] developed a decentralized stabilization by

constructing the cost functions for isolated subsystems with

the assumed known bounded interconnections. For unknown

nonlinear interconnected systems, Liu et al. [9] investigated

an actor-critic structure based decentralized control scheme

via online model-free integral PI. For decentralized track-

ing control (DTC) problem, Mehraeen et al. [10] proposed
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a decentralized nearly optimal controller using online tuned

action neural network (NN) and critic NN by assuming the

input gain matrix was known and the unknown interconnec-

tion was weak. From the aforementioned literature, we can

observe that the existing works on DTC via ADP mainly fo-

cused on the systems with available dynamics, rather than

unknown dynamics.

In this paper, a DTC scheme via robust local cost function

based ADP is proposed for unknown large-scale nonlinear

systems. The superiorities of this approach lie in that: (i) The

local NN observer identified subsystems can help to derive

not only the local desired control, but also the local tracking

error control. (ii) By replacing the actual states of coupled

subsystems with their sharing desired states in interconnec-

tions, the common assumption on the boundedness of inter-

connections can be relaxed. (iii) Through considering the en-

tire error caused by replacement, identification and critic NN

approximation, a robust local cost function is established to

guarantee the asymptotical stability of the closed-loop track-

ing system.

2 Problem Statement

Consider unknown large-scale systems that are com-

posed of N interconnected subsystems, whose ith (i =
1, 2, . . . , N) subsystem can be described by

ẋi(t) = fi(xi(t)) + gi(xi(t))ui(xi(t)) + hi(x(t)), (1)

where xi(t) = [xi1(t), xi2(t), . . . , xi(ni)(t)]
T ∈ R

ni , i =
1, . . . , N and ui(xi(t)) ∈ R

mi are the state vector and

control input of the ith subsystem, respectively; x(t) =

[x1(t), . . . , xN (t)]T ∈ R
n with n =

∑N
i=1 ni is the over-

all system state vector; fi(xi(t)), gi(xi(t)) and hi(x(t)) are
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unknown nonlinear internal dynamics, input gain matrix and

interconnection term, respectively.

Assumption 1 The nonlinear functions fi(xi(t)), gi(xi(t))
and hi(x(t)) are Lipschitz and continuous in their argu-
ments with fi(0) = 0, and the subsystem (1) is controllable.

To remove the assumption on the boundedness of inter-

connections, the actual states of coupled subsystems are re-

placed by their desired ones, so the interconnection term can

be rewritten as

hi(x) = hi(xi, xjd) + Δhi(x, xjd), (2)

where xjd denotes the desired states of coupled subsystem-

s with j = 1, . . . , i − 1, i + 1, . . . , N . Δhi(x, xjd) =
hi(x)− hi(xi, xjd) denotes the replacement error. Thus, (1)

becomes

ẋi = Fi(xi, xjd) + gi(xi)ui(xi) + Δhi(x, xjd), (3)

where Fi(xi, xjd) = fi(xi)+hi(xi, xjd), which is still Lips-

chitz continuous on a set Ωi ∈ R
ni according to Assumption

1. Since the interconnection satisfies the global Lipschitz

condition, which thus implies

‖Δhi(x, xjd)‖ ≤
n∑

j=1,j �=i

dijEj , (4)

where Ej = ‖xj − xjd‖, and dij ≥ 0 is an unknown global

Lipschitz constant.

The objective of this paper is to find a set of decentralized

tracking control policies u1(x1), . . . , ui(xi), . . . , uN (xN )
such that the states of the entire unknown large-scale sys-

tems track the desired trajectories.

For the ith subsystem, define the tracking error as

ei = xi − xid, (5)

where xid is the predefined desired trajectory.

Combining (5) with (2), the tracking error dynamics can

be expressed as

ėi = ẋi − ẋid. (6)

Thus, associated with the tracking error dynamics (6), the

local tracking error control policy should minimize the fol-

lowing local infinite horizon cost function

Ji(ei(t)) =

∫ ∞

t

(
δ̂i ‖ei(τ)‖+ Ui (ei(τ), uie(τ))

)
dτ ,

(7)

where Ui(ei(t), uie(t)) = eTi (t)Qiei(t) + uT
ie(t)Riuie(t) is

the utility function, Ui(0, 0) = 0, and Ui(ei, uie) ≥ 0 for

all ei and uie, in which Qi ∈ R
2×2 and Ri ∈ R are positive

definite matrices, uie = ui(xi)−uid(xid) is the local control

input error, uid(xid) is the local desired control input, and δ̂i
is the estimation of upper bound of the later defined entire

error. It can be updated by

˙̂
δi = Γiδ ‖ei‖ . (8)

From the so-called robust local cost function (7), we can see

that it reflects the entire error, regulation and control simul-

taneously.

3 Decentralized tracking controller design

3.1 Local neural network observer based identifier
For the ith subsystem of the unknown large-scale system

(1), it can be identified by a local NN observer as

˙̂xi = F̂i(x̂i, xjd) + ĝi(x̂i)ui(xi) +Kio(xi − x̂i), (9)

where x̂i = [x̂i1, . . . , x̂i(ni)]
T ∈ R

ni is the state vector of

the developed local observer, F̂i(x̂i, xjd) and ĝi(x̂i) are the

observation of nonlinear dynamics Fi(xi, xjd) and gi(xi),
respectively; Kio = diag[ki1o, ki2o] is a positive definite ob-

servation gain matrix.

Define the observation error vector as eio = xi−x̂i. Com-

bining (3) with (9), the observation error dynamic is

ėio = Fi(xi, xjd)− F̂i(x̂i, xjd) + (gi(xi)− ĝi(x̂i))ui(xi)

+ Δhi(x, xjd)−Kioeio.

The nonlinear unknown terms Fi(xi, xjd) and gi(xi) are ap-

proximated by two ideal radial basis function based NNs as

Fi(xi, xjd) = WT
ifσif (xi, xjd) + εif , ‖εif‖ ≤ εi1, (10)

gi(xi) = WT
igσig(xi) + εig, ‖εig‖ ≤ εi2, (11)

where Wif and Wig are ideal weight vectors from the hidden

layer to the output layer, σif (xi, xjd) and σig(xi) are basis

functions, εif and εig are approximation errors, and εi1 and

εi2 are unknown positive constants.

Let Ŵif and Ŵig be the estimations of Wif and Wig , re-

spectively. We have

F̂i(x̂i, xjd) = ŴT
ifσif (x̂i, xjd), (12)

ĝi(x̂i) = ŴT
igσig(x̂i), (13)

where Ŵif and Ŵig can be updated by

˙̂
Wif = Γifeioσif (x̂i, xjd), (14)

˙̂
Wig = Γigeioσig(x̂i)ui, (15)

where Γif and Γig are positive constants.

Combining (10) and (12), (11) and (13), we have

Fi(xi, xjd)− F̂i(x̂i, xjd) = WT
if σ̃if (xi, x̂i, xjd)

+ W̃T
ifσif (x̂i, xjd) + εif , (16)

gi(xi)− ĝi(x̂i)

= WT
igσ̃ig(xi, x̂i) + W̃T

igσig(x̂i) + εig, (17)

where W̃if = Wif − Ŵif and W̃ig = Wig − Ŵig are the

weight estimation errors, σ̃if (xi, x̂i, xjd) = σif (xi, xjd) −
σ̂if (x̂i, xjd) and σ̃ig(xi, x̂i) = σig(xi) − σig(x̂i) are the

estimation errors of radial basis functions, respectively.

Theorem 1 For the ith subsystem of unknown large-scale
systems (1), the developed local NN observer can guarantee
the observation error eio to be ultimately uniformly bounded
(UUB) with the updated laws (14)–(15).
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Proof Select a Lyapunov function candidate as

Li1 =
1

2
eTioeio +

1

2
W̃T

ifΓ
−1
if W̃if +

1

2
W̃T

igΓ
−1
ig W̃ig. (18)

Combining (19) with (16) and (17), the time derivative of

(18) is

L̇i1 = eTioėio − W̃T
ifΓ

−1
if

˙̂
Wif − W̃T

igΓ
−1
ig

˙̂
Wig

= eTio

(
W̃T

ifσif (x̂i, xjd) + W̃T
igσig(x̂i)ui(xi)

+wi1 +Δhi(x, xjd))− eTioKioeio

− W̃T
ifΓ

−1
if

˙̂
Wif − W̃T

igΓ
−1
ig

˙̂
Wig (19)

where

wi1 = WT
if σ̃if (xi, x̂i, xjd) + εif + (WT

igσ̃ig(xi, x̂i) + εig)ui

denotes the entire approximation error.

Substituting (14) and (15) into (19), we have

L̇i1 = eTio (wi1 +Δhi(x, xjd))− eTioKioeio. (20)

Assumption 2 The defined entire approximation error wi1

is norm-bounded, i.e., ‖wi1‖ ≤ ηi1, where ηi1 is an unknown
positive constant.

Letting ηi2 =
N∑

j=1,j �=i

dijEj . According to (4), (20) be-

comes

L̇i1 ≤‖eio‖ (ηi1 + ηi2)− λmin(Kio) ‖eio‖2
=− ‖eio‖ (λmin(Kio) ‖eio‖ − (ηi1 + ηi2)) ,

where λmin(Kio) denotes the minimum eigenvalue of Kio.

We can observe that L̇i1 ≤ 0 when eio lies outside of the

compact set Ωeio =
{
eio : ‖eio‖ ≤ ηi1+ηi2

λmin(Kio)

}
. Therefore,

according to Lyapunov’s direct method, the observation er-

ror eio is UUB. This completes the proof.

3.2 The decentralized tracking controller design
The optimal tracking control is generally composed of the

feedforward control and the feedback control [11]. Thus,

the local desired control as feedforward control should be

designed as follows.

According to the local NN observer (9), the identified dy-

namics of subsystem can be described as

˙̂xi = F̂i(x̂i, xjd) + ĝi(x̂i)ui(x̂i).

By using the desired states xid of the ith subsystem, the local

desired control can be obtained as

uid(xid) = ĝ+i (xid)
(
ẋid − F̂i(xd)

)
, (21)

where ĝ+i (xid)ĝi(xid) = I , I ∈ R
mi×mi is identity matrix.

To obtain a optimal tracking control performance, the de-

signed local tracking error control policy should be admissi-

ble [12, 13].

Definition 1 For local tracking error dynamics (6), a local
tracking error control policy μie(ei) is defined to be admis-
sible if μie(ei) is continuous on a set Ωi with μie(0) = 0,
μie(ei) ensures the convergence of the ith subsystem (6) on
Ωi, and Ji(ei(t)) is finite for all ei ∈ Ωi.

For any admissible control policy μi(ei) ∈ ψi(Ωi) of sub-

system (6), where ψi(Ωi) is the set of admissible control, if

the robust local cost function

Vi(ei(t)) =

∫ ∞

t

(
δ̂i ‖ei(τ)‖+ Ui (ei(τ), μie(τ))

)
dτ

(22)

is continuously differentiable, then the infinitesimal version

of (20) is the so-called local Lyapunov equation

0 = δ̂i ‖ei(t)‖+ Ui (ei, μie) + (∇Vi(ei))
T
ėi (23)

with Vi(0) = 0, and the term ∇Vi(ei) denotes the partial

derivative of Vi(ei) with respect to the local tracking error

ei, i.e., ∇Vi(ei) = ∂Vi(ei)/∂ei.
The Hamiltonian of the optimal problem and the optimal

robust local cost function can be formulated as

Hi

(
ei, μie,∇Vi(ei), δ̂i

)
= δ̂i ‖ei(t)‖+ Ui (ei, μie)

+ (∇Vi(ei))
T
ėi,

and

J∗
i (ei) = min

μie∈ψi(ei)

∫ ∞

t

(
δ̂i ‖ei(τ)‖+ Ui (ei(τ), μie(τ))

)
dτ .

Thus,

0 = min
μie∈ψi(ei)

Hi

(
ei, μie,∇J∗

i (ei), δ̂i

)
,

where ∇J∗
i (ei) = ∂J∗

i (ei)/∂ei. If the solution J∗
i (ei) exist-

s and is continuously differentiable, the ideal local optimal

tracking error control can be described as

u∗
ie(ei) = −1

2
R−1

i ĝTi (xi)∇J∗
i (ei). (24)

In (24), we can see that ∇J∗
i (ei) is difficult to obtain. Here,

we employ a local critic NN to approximate the robust local

cost function on the compact set Ωi as

Vi(ei) = WT
icσic(ei) + εic(ei),

where Wic ∈ R
li is the ideal weight vector, σic(ei) ∈ R

li

is the activation function, li is the number of neurons in the

hidden layer, and εic(ei) is the approximation error. Then,

the gradient of Vi(ei) with respect to ei is

∇Vi(ei) = (∇σic(ei))
T
Wic +∇εic(ei), (25)

where ∇σic(ei) = ∂σic(ei)
/
∂ei ∈ R

li×ni and ∇εic(ei) are

the gradients of the activation function and the approxima-

tion error, respectively.

Thus, according to (24), the ideal local optimal tracking

error control can be derived as

μie(ei) = −1

2
R−1

i ĝTi (xi)
(
(∇σic(ei))

T
Wic +∇εic(ei)

)
.

(26)

According to the framework of ADP-based approximate op-

timal control design, an approximate critic NN is established

to estimate the infinite horizon robust local cost function as

V̂i(ei) = ŴT
icσic(ei), (27)
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where Ŵic ∈ R
li×ni is the weight estimation. Similarly, the

gradient of (27) with respect to ei is

∇V̂i(ei) = (∇σic(ei))
T
Ŵic. (28)

Thus, using (26) and (28), the local tracking error control

can be obtained as

μ̂ie(ei) = −1

2
R−1

i ĝTi (xi) (∇σic(ei))
T
Ŵic. (29)

Considering (23) and (25), one can obtain

0 =
(
(∇σic(ei))

T
Wic +∇εic(ei)

)
ėi

+ δ̂i ‖ei‖+ Ui (ei, μie) .

Therefore, the Hamiltonian can be expressed as

Hi(ei, μie,Wic, δ̂i)

= δ̂i ‖ei‖+ Ui (ei, μie) +WT
ic∇σi(ei)ėi

=−∇εic(xi)ėi = eicH , (30)

where eicH is the residual error.

Hence, the approximate Hamiltonian can be formulated

by

Ĥi(ei, μie, Ŵic, δ̂i) = δ̂i ‖ei‖+ Ui (ei, μie) + ŴT
ic∇σi(ei)ėi

= eic. (31)

Let θi = ∇σi(ei)ėi. From (30) and (31), we have

eic = eicH − W̃T
icθi,

where W̃ic = Wic − Ŵic, and it can be updated as

˙̃Wic = − ˙̂
Wic = li1(eicH − W̃T

icHθi)θi, (32)

where li1 > 0 is the learning rate of the local critic NN.

To obtain the update rule of the critic NN weight vector

Ŵic, the objective function Eic = 1
2e

T
iceic should be mini-

mized with the steepest decent algorithm as

˙̂
Wic = − ˙̃Wic = −li1eicθi. (33)

Theorem 2 For the ith subsystem of unknown large-scale
system (1), the local critic NN weight approximation error
W̃ic can be guaranteed to be UUB as long as the weights of
the local critic NN are updated by (32).

Proof Select the Lyapunov function candidate as

Li2 =
1

2li1
W̃T

icW̃ic. (34)

Considering (32), the time derivative of (34) is

L̇i2 =
1

li1
W̃T

ic
˙̃Wic

= W̃T
iceicHθi −

∥∥∥W̃icθi

∥∥∥2
≤ 1

2
e2icH − 1

2

∥∥∥W̃icθi

∥∥∥2 .
Assume ‖θi‖ ≤ θiM , Hence, L̇i2 < 0 whenever the approx-

imation error of the local critic NN W̃ic lies outside of the

compact set ΩW̃ic
=

{
W̃ic :

∥∥∥W̃ic

∥∥∥ ≤
∥∥∥ eicH

θiM

∥∥∥}. Accord-

ing to Lyapunov stability theorem, the weight approximate

error of local critic NN is UUB. This completes the proof.

Now, the DTC can be obtained as

ui = uid + μ̂ie. (35)

3.3 Stability analysis
Theorem 3 Consider the ith subsystem of unknown large-
scale system (1) and the robust local cost function (7). The
proposed DTC scheme (35) can guarantee the closed-loop
unknown large-scale system to be asymptotically stable.

Proof Select the Lyapunov function candidate as

Li3 =
1

2
eTi ei + Vi(ei) + Γ−1

iδ δ̃2i , (36)

where δ̃i = δi − δ̂i denotes the estimation error of δi. The

time derivative of (36) is

L̇i3 = eTi ėi +∇V T
i (ei)ėi − Γ−1

iδ δ̃i
˙̂
δi

= eTi

(
Fi(xi, xjd)− Fi(xd) + Fi(xd)− F̂i(xd)

+Δhi(x, xjd)) + eTi ((gi(xi)− gi(xid) + gi(xid)

−ĝi(xid) + ĝi(xid))ui(xi)− ĝi(xid)uid(xid))

− δ̂i ‖ei‖ − Ui(ei, μie)− Γ−1
iδ δ̃i

˙̂
δi. (37)

As Fi(·) is locally Lipschitz, there exists a positive constant

ηif such that ‖Fi(xi, xjd)− Fi(xd)‖ ≤ ηif ‖ei‖. Assuming

that ‖ĝi(xid)‖ ≤ ηig , and introducing (35), (37) becomes

L̇i3 ≤ ηif ‖ei‖2 + eTi wi2 + eTi Δhi(x, xjd) + ηig ‖ei‖ ‖μie‖
− δ̂i ‖ei‖ − Ui(ei, μie)− Γ−1

iδ δ̃i
˙̂
δi

≤ ηif ‖ei‖2 + eTi wi2 + eTi Δhi(x, xjd) +
1

2
‖ei‖2

− δ̂i ‖ei‖ − λmin(Qi) ‖ei‖2

− (
λmin(Ri)− η2ig

) ‖μie‖2 − Γ−1
iδ δ̃i

˙̂
δi,

where wi2 = F̃i(xd) + g̃i(xi, xid)ui(xi) − μ̃ie with

g̃i(xi, xid) = gi(xi) − ĝi(xid) , which can be assumed to

be boundedness, i.e., ‖wi2‖ ≤ δi2.

Thus, according to (7), we have

L̇3 =
n∑

i=1

L̇i3

≤
n∑

i=1

(
ηif ‖ei‖2 + eTi δi2 +

1

2
‖ei‖2 − λmin(Qi) ‖ei‖2

−δ̂i ‖ei‖ −
(
λmin(Ri)− η2ig

) ‖μie‖2 − Γ−1
iδ δ̃i

˙̂
δi

)

+max
ij

{dij}
n∑

i=1

‖ei‖
n∑

j=1

Ej . (38)

Noticing that ‖ei‖ ≤ ‖ej‖ ⇔ Ei ≤ Ej . Using Chebyshev

inequality, we have

n∑
i=1

‖ei‖
n∑

j=1

Ej ≤ n

n∑
i=1

‖ei‖Ej . (39)

Combining (38) and (39), we have

L̇3 ≤
n∑

i=1

(
(ηif − λmin(Qi)) ‖ei‖2 + ‖ei‖ δi2 + 1

2
‖ei‖2

−δ̂i ‖ei‖ −
(
λmin(Ri)− η2ig

) ‖μie‖2 − Γ−1
iδ δ̃i

˙̂
δi

)

+ nmax
ij

{dij}
n∑

i=1

‖ei‖Ei. (40)
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Defining δi = δi2 + nmax
ij

{dij}, and we have

L̇3 ≤
n∑

i=1

(
(ηif − λmin(Qi)) ‖ei‖2 + ‖ei‖ δi + 1

2
‖ei‖2

−δ̂i ‖ei‖ −
(
λmin(Ri)− η2ig

) ‖μie‖2 − Γ−1
iδ δ̃i

˙̂
δi

)

=
n∑

i=1

(
−
(
λmin(Qi)− ηif − 1

2

)
‖ei‖2 + ‖ei‖ δ̃i

− (
λmin(Ri)− η2ig

) ‖μie‖2 − Γ−1
iδ δ̃i

˙̂
δi

)
. (41)

Substituting (8) into (41), we have

L̇3 ≤
n∑

i=1

(
ηif ‖ei‖2 + ‖ei‖ δi + 1

2
‖ei‖2 − λmin(Qi) ‖ei‖2

−δ̂i ‖ei‖ −
(
λmin(Ri)− η2ig

) ‖μie‖2 − Γ−1
iδ δ̃i

˙̂
δi

)

=
n∑

i=1

(
−
(
λmin(Qi)− ηif − 1

2

)
‖ei‖2

− (
λmin(Ri)− η2ig

) ‖μie‖2
)
.

We can observe that L̇i3 ≤ 0 as long as{
λmin(Qi) ≥ ηif + 1

2 ,

λmin(Ri) ≥ η2ig.

It implies that the developed DTC scheme (35) ensures the

closed-loop unknown large-scale system to be asymptotical-

ly stable based on Lyapunov stability theorem. This com-

pletes the proof.

4 Simulation study

Consider a hard spring connected parallel inverted pendu-

lum system [14, 15] for simulation.

Let xi = [xi1, xi2]
T

= [θi1, θ̇i1]
T ∈ R

2, the dynamic

model can be expressed as

ẋi = fi(xi) + gi(xi)ui + hi(x),

where fi(xi) =

[
xi2

5.88 sinxi1 − 0.036xi2

]
, gi(xi) =[

0
δi

]
, hi(x) =

[
0

4Fai cos(xi1 − β)

]
.

The desired trajectories are given as{
x11d = 0.5 cos(0.5t),

x21d = 0.8 sin(0.3t+ π/6).

In the simulation, the NNs of local observers are chosen

as radial basis functions. Let the initial states of the sub-

systems be x10 = x20 = [1, 0]T, the initial states of the

observers be x̂10 = [2,−1]T, x̂20 = [1.5,−0.5]T, the ob-

server gain matrix be Kio = diag[400, 1200], the weight-

s learning rate of the observer be Γif = Γig = 0.002.

The robust local cost function (7) is approximated by lo-

cal critic NN, whose structure is chosen as 2–3–1 with 2 in-

put neurons, 3 hidden neurons and 1 output neuron, and the

weight vector as Ŵic = [Ŵic1, Ŵic2, Ŵic3]
T with initial val-

ues Ŵ1c = [0.4, 1.8, 1.2]
T

and Ŵ2c = [0.2, 0.4, 0.2]
T

. The
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Fig. 1: The identification errors by using the local NN ob-

server based identifier

Fig. 2: The trajectories tracking performance

activation function of the critic NN is chosen as σic(ei) =[
e2i1, ei1ei2, e

2
i2

]
. Let the weight learning rates of the crit-

ic NN be li1 = 0.1, the gain of the robust term in (7) be

Γiδ = 15, and Qi = 2I2, R1 = 0.001I , R2 = 0.0005I ,

where In denotes the identity matrix with n dimensions, re-

spectively.

The simulation results are shown as Figs. 1–4. By using
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Fig. 3: The tracking errors
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Fig. 4: The control inputs

local NN observers (9), the identification errors which are il-

lustrated in Fig. 1 demonstrate that the unknown subsystem

can be identified successfully. From Fig. 2 and Fig. 3, we

can see that the actual trajectories follow their desired ones

after a short time of operation with the developed DTC (37).

Fig. 4 gives the curves of control inputs. From these figures,

the closed-loop system can be guaranteed to be asymptoti-

cally stable. Therefore, the simulation results demonstrate

the effectiveness of the proposed DTC scheme.

5 Conclusion

This paper addresses the DTC problems with ADP al-

gorithm for unknown large-scale systems. The common

boundedness assumption on interconnections is removed by

substituting the actual states of the coupled subsystems with

their desired states. Then, with the help of local NN ob-

servers, the unknown dynamics of subsystems can be iden-

tified. Furthermore, the local desired control can be derived

with the desired trajectories of corresponding subsystems.

By constructing robust local cost function which reflects the

entire error, regulation and control simultaneously, the local

tracking error control can be obtained. Thus, the DTC can

be constructed with the combination of the local desired con-

trol and local tracking error control. The effectiveness of the

proposed DTC scheme is demonstrated by simulations on a

hard spring connected parallel inverted pendulum system.
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