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ABSTRACT

In this paper, a decentralised tracking control (DTC) scheme is developed for unknown large-scale nonlinear
systems by using observer-critic structure-based adaptive dynamic programming. The control consists of
local desired control, local tracking error control and a compensator. By introducing the local neural net-
work observer, the subsystem dynamics can be identified. The identified subsystems can be used for the
local desired control and the control input matrix, which is used in local tracking error control. Meanwhile,
Hamiltonian-Jacobi-Bellman equation can be solved by constructing a critic neural network. Thus, the local
tracking error control can be derived directly. To compensate the overall error caused by substitution, obser-
vation and approximation of the local tracking error control, an adaptive robustifying term is employed.
Simulation examples are provided to demonstrate the effectiveness of the proposed DTC scheme.

1. Introduction

The increasing demands of production efficiency and quality
have led many practical systems to become large-scale and com-
plex, such as power systems, smart grids, urban traffic systems
and ecosystems. Generally speaking, the difficulty in designing
many feedback loops for these systems inspires the development
of decentralised control. The superiority of this approach lies in
that it can reduce the design complexity by using only the local
information of corresponding subsystems.

However, it is worthy pointing out that the major challenge
in designing decentralised controllers for large-scale systems is
how to deal with the interconnections, which affect the control
performance, and even cause the system to be unstable. To
solve this problem, considerable efforts have been made to
the design of decentralised controllers for large-scale systems.
Labibi, Lohmann, Sedigh, and Maralani (2002) provided suf-
ficient conditions for minimising the weight sensitivity of the
interconnections between the subsystems, and developed a con-
structive decentralised control scheme. Al-Tamimi, Lewis, and
Abu-Khalaf (2008) addressed the global decentralised discrete-
time sliding mode control of interconnected systems using only
output information. They considered unmatched uncertainties,
unknown interconnections and bounded time-varying delays
for analysing system stability. Tong, Zhang, and Li (2016)
investigated an observer-based adaptive fuzzy decentralised
output-feedback tracking control for switched unknown
systems with dead zones. Yi and Zheng (2016) proposed a
decentralised proportional integral control scheme with delay
dependent analysis to solve a constrained decentralised shaping
control problem. Choi and Yoo (2016) proposed a decentralised
approximation-free control design approach for interconnected
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nonlinear time-delay systems with unknown non-affine pure-
feedback nonlinearities. By designing a reduced-order observer
for estimating the unmeasured state variables, Hua, Zhang,
and Guan (2015) presented a decentralised output feedback
adaptive NN tracking control for time-delay stochastic inter-
connected systems with prescribed performance. Koo, Park,
and Joo (2016) presented a decentralised sampled-data fuzzy
observer to minimise the ratio of interconnection bound to
attenuation degree. Each observer design problem was formu-
lated as an optimisation problem with linear matrix inequality
(LMI). Nowadays, the decentralised control methods have been
utilised in robot manipulators (Henikl, Kemmetmller, Meurer,
& Kugi, 2016; Zhao & Li, 2014), microgrids (Sadabadi, Karimi,
& Karimi, 2015), power systems (Langarica & Ortega, 2015),
spacecrafts (Zhang, Zhang, & Zhang, 2015), unmanned vehicles
(Yang, Naeem, Irwin, & Li, 2014), and so on.

It is well known that optimal control problem of nonlin-
ear systems can be addressed by solving the Hamilton-Jacobi-
Bellman (HJB) equations. HJB equations can be solved by adap-
tive dynamic programming (ADP) (Werbos, 1992) to remove
the ‘curse of dimensionality’ with approximators, such as NNs.
There are many synonyms used for ADP, such as adaptive
dynamic programming (Wang, Zhang, & Liu, 2009), approxi-
mate dynamic programming (Al-Tamimi et al., 2008), neuro-
dynamic programming (Bertsekas & Tsitsiklis, 1995), adaptive
critic designs (Prokhorov & Wunsch, 1997) and reinforcement
learning (Kaelbling, Littman, & Moore, 1996). Werbos (1992)
classified ADP approaches into heuristic dynamic program-
ming (HDP), dual heuristic dynamic programming (DHP),
action-dependent HDP (ADHDP) and action-dependent DHP
(ADDHP). After that, two other approaches called globalised
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DHP (GDHP) and ADGDHP were proposed (Prokhorov &
Wunsch, 1997). In recent few years, ADP algorithms were devel-
oped further to solve control problems of continuous-time sys-
tems (Liu, Li, Li, Wang, & Ma, 2015; Liu, Wang, & Li, 2014),
discrete-time systems (Mehraeen & Jagannathan, 2011; Qin,
Zhang, Luo, & Wang, 2014), external disturbances and uncer-
tainties (Gao, Jiang, Jiang, & Chai, 2016; Wang, Liu, Mu, &
Ma, 2016; Wang, Liu, Zhang, & Zhao, 2016), trajectory track-
ing (Enns & Si, 2003; Lin, Wei, & Liu, 2016; Mu, Sun, Song, &
Yu, 2016; Wei & Liu, 2014; Zhang, Song, Wei, & Zhang, 2011;
Zhang, Wei, & Luo, 2008), control input saturation (Yang, Liu,
& Wang, 2014; Zhang, Luo, & Liu, 2009), fault tolerant (Zhao,
Liu, & Li, 2016, 2017), time-delay (Zhang et al., 2011), zero-sum
games (Fu, Fu, & Chai, 2015; Zhang, Cui, & Luo, 2013), event-
driven systems (Wang, Mu, He, & Liu, 2016; Wang, Mu, Zhang,
& Liu, 2016), etc.

In recent literature, ADP-based decentralised control prob-
lems have been tackled extensively. For linear interconnected
systems, Jiang and Jiang (2012) and Bian, Jiang, and Jiang (2015)
presented a decentralised control via robust ADP and policy
iteration (PI) technique. Gao et al. (2016) developed a data-
driven output-feedback control policy based on both PI and
value iteration (VI) methods. Tlili and Braiek (2014) inves-
tigated a decentralised observation and control approach for
linear interconnected systems with nonlinear interconnections.
The control problem was formulated as an optimisation prob-
lem by LMI to compute the robust observation and control gain
matrix simultaneously. Hioe, Hudon, and Bao (2014) utilised
linear partial differential Hamilton-Jacobi equation to solve the
robust nonlinear control problem which was transformed from
the dissipativity shaping problem. Liu et al. (2014) constructed
the cost functions for the isolated subsystems with the assumed
known bounded interconnections. Then, a decentralised con-
trol strategy was developed to stabilise continuous-time nonlin-
ear interconnected large-scale systems. Furthermore, Wang et al.
(2016) considered the interconnected subsystems as a whole
system and constructed a cost function for the overall plant.
Then, they developed the decentralised guaranteed cost control
by solving the modified HJB equation. For unknown nonlinear
interconnected systems, Liu et al. (2015) established an online
model-free integral PI algorithm based decentralised control
scheme via actor-critic technique. Lu, Si, and Xie (2008) applied
the direct HDP to address the coordinated control for large
power systems with uncertainties. Yang et al. (2014) designed a
tracking control with filtered tracking error by using direct HDP.
For decentralised tracking control (DTC) problem, Mehraeen
and Jagannathan (2011) proposed a decentralised nearly opti-
mal controller using online tuned action NN and critic NN
by assuming that the input gain matrix was known and the
unknown interconnection was weak. From the aforementioned
literature, the optimal tracking control commonly consists of
the feedforward controller and the feedback controller (Park,
Choi, & Lee, 1996). The feedforward controller requires a pri-
ori knowledge of the system dynamics, while the feedback con-
troller can be derived by only utilising ADP methods. However,
we can observe that the existing works on DTC via ADP mainly
focused on systems with known dynamics. Since DTC for large-
scale systems has wide potential in practice, only a few results
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based on ADP have been carried out, and it is still an open prob-
lem to be solved.

Motivated by Mehraeen and Jagannathan (2011), Zhang, Cui,
Zhang, and Luo (2011) and Liu et al. (2014), in this paper, a
DTC scheme via observer-critic structure-based ADP is pro-
posed for unknown large-scale nonlinear systems. The devel-
oped decentralised control consists of local desired control, local
tracking error control and an adaptive robustifying compen-
sator. In order to remove the assumptions on boundedness and
matched condition of interconnections, the desired trajectories
of coupled subsystems are shared to substitute their actual ones.
Then, the substituted subsystem dynamics is identified by estab-
lishing a local NN observer. It helps to derive the local desired
control, as well as the control input matrix of the local tracking
error control. Together with the solution to HJB equation based
on the critic NN approximated value function, the local tracking
error control can be obtained directly. The overall error, which
contains the substitution error, observation error and approxi-
mation error of local tracking error control, is compensated by
an adaptive robustifying term. The proposed DTC can guaran-
tee the tracking error of the closed-loop system to be asymp-
totically stable via Lyapunov’s direct method. Two simulation
examples are provided to demonstrate the effectiveness of the
proposed scheme.

The main contributions of this paper have the following four
aspects:

(1) To the best of our knowledge, it is the first time to
extend the ADP approach to solve the DTC prob-
lem for unknown large-scale nonlinear systems. This
method establishes the local NN observer to identify the
unknown subsystem dynamics, which helps derive not
only the local desired control, but also the local tracking
error control. The controllers have the similar structures,
which are different from existing methods (Lin et al.,
2016; Mehraeen & Jagannathan, 2011; Yang, Liu, Wei, &
Wang, 2016).

(2) Unlike existing methods (Gao etal., 2016; Liu et al., 2014,
2015), the states of coupled subsystems are substituted by
their desired states. Thus, the assumptions on the bound-
edness and matched condition of interconnections can
be relaxed.

(3) The local tracking error control is derived by combin-
ing the identified control input matrix with the critic NN
approximated value function. Therefore, the action NN,
which is commonly adopted in existing methods, is not
required anymore.

(4) The substitution error, observation error and approx-
imation error can be compensated simultaneously by
employing an adaptive robustifying term, and the track-
ing error of the closed-loop system can be guaranteed to
be asymptotically stable.

The rest of the paper is organised as follows. In Section 2, the
problem statement is presented, and the subsystem dynamics are
transformed for simplifying the controller design. In Section 3,
the detailed design procedure of the DTC that consists of the
local desired control, the local tracking error controller and a
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compensator is given. Then, the stability analysis is provided via
Lyapunov’s direct method. In Section 4, two simulation exam-
ples are employed to verify the effectiveness of the developed
scheme. In Section 5, the conclusion is drawn.

2. Problem statement

Consider unknown large-scale nonlinear systems that are com-
posed of N interconnected subsystems, whose ith (i =1, 2, ...,
N) subsystem can be described by

xi(t) = fi(xi(t)) 4+ g () ui(xi (1)) + hi(x(t)), (1)

where xi (t) = [x,»l ), xp (), ..., Xi(n;) (t)]T e R% i =
1,...,N and u;(x;(t)) € R™ are the state vector and
control input of the ith subsystem, respectively; x(t) =
[x{(t),...,xL(t)]T € R" is the overall system state vector
with n = Zfil n; fi(xi(t)), gi(xi(t)) and h;(x(¢)) are unknown
nonlinear internal dynamics, input gain matrix and intercon-
nection term, respectively.

Assumption 2.1: The nonlinear functions fi(xi(t)), gi(xi(t)) and
hi(x(t)) are Lipschitz and continuous in their arguments with f;(0)
=0, and the subsystem (1) is controllable.

Unlike assuming h;(x) to be bounded and satisfying the
matching conditions (Liu et al., 2014, 2015), the desired trajec-
tories of the coupled subsystems are employed to substitute their
actual states, so the interconnection term can be expressed as

hi(x) = hi(xi, xja) + Ahi(x, xja), (2)

where xj; denotes the desired trajectories of the coupled subsys-
temswithj=1,...,i— 1,i+ 1, ...N. Ahi(x, xjq) = hi(x) — hi(x;,
xjq) denotes the substitution error. Thus, (1) becomes

xi = E(xi, xja) + gi(x)ui(xi) + Ahi(x, xjq), (3)

where Fi(x;, xjq) = fi(x;) + hi(x;, xja), which is still Lipschitz con-
tinuous on a set 2; € R™ according to Assumption 2.1. Since the
interconnection satisfies the global Lipschitz condition, which
implies

|ARi(x, xj0) || < Z d;;E;, (4)
j=L i

where E; = ||x; — xj4l|, and dj; > 0is an unknown global Lipschitz
constant.

The objective of this paper is to find a set of decentralised
tracking control policies u;(x1), ..., #;i(xi), ... , un(xn) such that
the states of the overall unknown large-scale nonlinear system
track the desired trajectories.

Remark 2.1: We notice that the interconnection term is approx-
imated by signals from the local subsystem and the desired sig-
nals from coupled subsystems. It is worthy pointing out that
the desired signals, which are decided according to the control
objective, are shared to each subsystem before the system runs.

For ith subsystem, define the tracking error as
e = Xj — Xid, €)

where x;4 is the predefined desired trajectory.
Combining (5) with (2), the tracking error dynamics can be
expressed as

€ = Xj — Xid. (6)

Thus, associated with the tracking error dynamics (6), the local
tracking error control policy should minimise the following
local infinite horizon value function

Vi(ei(t))Z/ Ui (ei(1), uie(1)) dr, ™)
t

where Ui(e;(t), uie(e;)) = e] (1)Qie;(t) + ul,(e;)Riuie(e;) is the
local utility function, U;(0, 0) = 0, and U;(e;, u;e) = 0 for all e;
and u;,, in which Q; € R"*" and R; € R™ are positive definite
matrices, u;, = u;(x;) — uig(x;q) is the local control input error,
and u,4(x;4) is the local desired control input.

3. Decentralised tracking controller design

The detailed design procedure of DTC in the optimal manner
for unknown large-scale nonlinear system is given in this sec-
tion.

3.1. Decentralised controller design of systems with
known dynamics
In order to achieve the control objective, the controller design
procedure for unknown systems follows the strategy for systems
with known dynamics. In this subsection, the DTC for systems
with known dynamics is introduced.

The optimal tracking control problem should be solved for
N isolated subsystems. For systems with known dynamics, the
local desired control input can be obtain by (3) as

wia(Xig) = g (xia) (%ia — E(xa) — Ahi(xa)), (8)

where x; = [xId, e de]T, and g’ (-) is the Moore-Penrose
pseudo-inverse of g;(-).

According to the optimal control theory, the designed track-
ing error control policy must not only ensure the tracking error
converge to a small neighbourhood on €2;, but also guarantee the
local value function (7) to be finite. In other words, the tracking
error control policy should be admissible.

Definition 3.1: For local tracking error dynamics (6), a track-
ing error control policy ;. (e;) is said to be admissible if ;. (e;) is
continuous on a set 2; with u;(0) = 0, ;. (e;) ensures the con-
vergence of the ith subsystem (1) on €2;, and J;(e;(?)) is finite for
all e € Q,‘.

For any admissible control policy w;(e;) € ¥(€2;) of subsys-
tem (1), where ¥;(£2;) is the set of admissible control, if the local
value function

Vi(ei(t)) = f Ui (ei(0), () de ©)
t



is continuously differentiable, then the infinitesimal version of
(9) is the so-called Lyapunov equation

0 = Ui (ei, pie) + (VVi(e))' & (10)
with V;(0) = 0, and the term V V;(e;) denotes the partial deriva-
tive of Vi(e;) with respect to the local tracking error e;, i.e.
VVi(e;) = 0Vi(ei)/de;.

The Hamiltonian of the optimal control problem and the
optimal value function can be formulated as

H; (ei, tie, VVile)) = Ui (e, pie) + (VVile))' &,
and

min

Vi(e) =
Jie€Vi(ei)

/ Ui (ei(0). pa(0)) dr.
t

Thus,

0= in H; (e;, ie, VV:* (&),

M;g[}}}m l(el Mie i (el))
where V] (e;) = 9]/ (e;)/de;. If the solution V;*(e;) exists and
is continuously differentiable, the local desired optimal tracking
error control can be described as

1
uj,(e) = =R gl () VV/ (e (11)
Therefore, the desired DTC can be expressed as
ui(x:) = uj,(e;) + ia(xig). (12)

Remark 3.1: In existing results on dealing with trajectory track-
ing problems, ADP-based controllers as in (12) commonly con-
tain two parts, namely desired control and desired tracking error
control. Inspired by that, in this paper, we concern the DTC
scheme in a similar way. That is, the DTC for systems with avail-
able dynamics in Section 3.1 provides a design strategy for that
of large-scale system with unknown dynamics. The design of
DTC for such systems will be detailed in the following subsec-
tions.

3.2. Neural network observer-based unknown subsystem
identification

The purpose of designing a local NN observer is to identify
dynamics of the unknown subsystems. With the help of iden-
tified subsystems, the DTC can be designed for unknown large-
scale nonlinear systems in a similar control structure as in
Section 3.1.

For the ith subsystem of the unknown large-scale nonlinear
system (1), it can be identified by alocal NN observer, which can
be established as

% = E (%, xja) + & (X)ui(x:) + Kio(x; — X7, (13)
where %; = [%i1, ..., Xiy]" € R" is the state vector of the
developed observer, B, xjq) and g;(%;) are the observation
of nonlinear dynamics F;(x;, xjq) and gi(x;), respectively; Kj, =
diag[k;10, kizo] is a positive definite observation gain matrix.
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Define the observation error vector ¢;, = x; — X;, combining
(3) with (13), the observation error dynamics can be described
as

éio = F(xi, xjq) — E(x;, xja) + (&) — &%) uix:)
+ Ah;(x, xjd) — Kioeio-

The nonlinear unknown terms F;(x;, xj4) and g;(x;) are approx-
imated by two ideal radial basis function (RBF) NNs as

Fi(xi, xjq) = W,-}Uif(xi,xjd) + &if, || €ir| < en,

gi(xi) = W,-;Uig(xi) + &ig. | 85| < €02

where Wirand W;, are ideal weight vectors from the hidden layer
to the output layer, o (x;, xjq) and o ,(x;) are basis functions, €;
and € are approximation errors, and €;; and €;; are unknown
positive constants.

Let W, 7 and Wig be the estimations of Wir and Wi, respec-
tively. We have

E(%, xjq) = V%;Uif(fi,xjd), (16)

gi(%) = W,-;Cfig(ﬁzi), (17)

where W rand Wig can be updated by the adaptive laws as

Wif = Tifeio0if (X, Xja), (18)

Wig = Tigeio0ig(Xi) u;, (19)

where 'y and ', are positive constants.
Combining (14) and (16), (15) and (17), we have

Fi(xi, xjq) — E (&, Xjq) = "Vi}&if(xi: Xi» Xjd)

+ Woig (i, xja) + €1, (20)

8i(xi) — §i(%i) = Wb (xi, &) + Wgoyg (%) + &5, (21)

where W,-f = Wi — W,-f and Wig =W, — Wig are the weight
estimation errors, &if(x;, Xi, Xja) = 0if(Xi, Xjq) — Gif (X, Xja)
and Gio(x;, X;) = 0jg(x;) — 0jg(X;) are the estimation errors of
RBFs, respectively.

Theorem 3.1: For interconnected subsystem (1), the developed
local NN observer can guarantee the observation error e;, to
be uniformly ultimately bounded (UUB) with the updating laws
(18)-(19).

Proof: Select a Lyapunov function candidate as

Ly = 2l e + SWIT=1W, + S WIT-MW,
i = 5 CioCio T 5 Wipt iy if o ighig Vi

3 (22)
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The time derivative of (22) is

Ly = e},éi — W} F,}l Wip — Wi}F;Wig
= e} (B(xi, xja) — B(&i, xja) + (gi(x) — &i (%)) wilx:)
+ Ahi(x, xjq) — Kiseio)

Tl 1A NI
- Wifriflwif - Wigrig Wi. (23)

Combining (23) with (20) and (21), we have

Ly = e,T[,(VVi}Gif(JEi, Xja) + W,-;Uig(fi)“i(xi) + wi + Ahi(x, xjq))

— €}, Kioeio — Wiy T/ Wiy — Wil W, (24)
where w; = VV,'}&if(xi» Xi» Xja) + &if + (W;&ig(xi, X;) + i) thi
denotes the overall NN approximation error.

Substituting (18) and (19) into (24), we have

Ly = e}, (wir + Ahi(x, xja)) — e}, Kio€io- (25)

Assumption 3.1: The defined approximation w; is norm-
bounded, i.e.|wi | < na, where n; is an unknown positive con-
stant.

Letting n;, = 27:1,#1' d;;Ej, according to (4), (25) becomes

Li < llewoll i + 12) — Amin (Kio) lleioll?
= - ”eio” ()\min(lqo) ”ei()” - (771’1 + Yh‘z)) s

where Amin (Kj,) denotes the minimum eigenvalue of K;,. We can
observe that L;; < 0 when ¢;, lies outside of the compact set

N1 + Nia
Qem = {eiO: ”eio” =< L} .
Amin(1<io)

Therefore, according to Lyapunov’s direct method, the observa-
tion error e;, is UUB. This completes the proof.

Remark 3.2: It should be pointed out that controllers of
unknown nonlinear systems were commonly designed by intro-
ducing an action NN in many previous works (Liu et al., 2014,
2015). Different from these, in our approach, the control law
is designed in a similar control structure to model-based con-
troller by using the identified input gain matrix via local NN
observer. On the other hand, the key point for obtaining the
desired trajectory tracking control for unknown systems is to
find the system dynamics, which can be identified by the present
local NN observer.

3.3. Decentralised tracking controller design for unknown
large-scale nonlinear systems

From the present observer (7), the identifier of the ith subsystem
should be expressed as

X = By, xja) + & EDui(R), (26)

where u;,(%;) is the control input of the identifier. Thus, the
desired control input of identifier u;4(x;4) can be obtained by
—&F : B
wig (xia) = & (xia) (%ia — E(xa)). (27)
Since the value function is highly nonlinear and nonanalytic,
it can be approximated by NNs, which are powerful tools
for approximating nonlinear functions. For the ith subsystem,
a critic NN is employed to approximate the corresponding
assumed continuous local value function on the compact set ;
as
Viler) = Wioie(e) + eic(er), (28)
where W, € R* ig the ideal weight vector, oi.(e;) € R is the
activation function, ; is the number of neurons in the hidden
layer and €;.(e;) is the approximation error of NN. Then, the gra-
dient of V;(e;) with respect to e; is
VVi(e) = (Voi(e) Wi + Veie(er), (29)
where Vo (e;) = doic(e;)/de; € RY and Ve (e;) are the gra-
dients of the activation function and the approximation error,

respectively.
Combining (10) with (29), we have

0 ="U; (e, ie) + ((Voic(e) Wic + V&‘c(ei))T éi.
Therefore, the local Hamiltonian can be expressed as

H; (e, ies Wic) = Ui (ej, i) + Wi Voy(e;)é;

= —Vei(x;)e; = ejcn, (30)

where e;.y is the residual error caused by NN approximation.
The critic NN (28) can be approximated as
Vi(e) = Wiowe(en), (31)

where W;. € Ri*" is the weight estimation.
Then, the gradient of (31) with respect to e; is

VVie)) = (Voie(e) W.

Therefore, the approximate local Hamiltonian can be expressed
as

Hi(ei, thie» Wie) = Ui (i, tie) + Wi Voi(ené; = eie.  (32)
Let 6; = Vo;(e;)e;. From (30) and (32), we have
eic = ey — W6,
where Wi, = W, — Wic, and it can be updated as
Wie = =W = I (eictr — Wiyi04)6;, (33)

where [;; > 0 is the learning rate of the critic NN.



To obtain the updating rule of the critic NN weight vector
Wi, with the steepest decent algorithm, the local objective func-
1,7

tion E;. = 5e; e; should be minimised as

"Vic = _‘/Vic = —leic;. (34)
Therefore, the ideal local optimal tracking error control can be
derived as

1
[ie(er) = —ER,flgI(xn ((Voi(e) Wic + Veie(er)) .

Since the nonlinear system is unknown, consider the identified
control input matrix (17) and the approximate critic NN (31),
the local optimal tracking error control can be expressed as

. | N A
fie(e) = = R'E1 (x) (Voic(e0)" Wi (35)
Theorem 3.2: For ith interconnected subsystem (1), the weight

approximation error Wi, can be guaranteed to be UUB as long as
the weights of the critic NN are updated by (34).

Proof: Select the Lyapunov function candidate as

1 ~+~
— WIW,.

Ly =
i2 2li1 ic

(36)

Along the solutions of (33), the time derivative of (36) is

. 1 -~ T
Lp = —~W, W
lil

= Wieiub; — | Wict; ||2

Assume ||0;]| < 6. Hence, L;; < 0 whenever the approxima-
tion error of the critic NN W lies outside of the compact set

According to Lyapunov’s direct method, the weight approxima-
tion error is UUB. This completes the proof.

€icH

a5, = {1 |

Oim

Taking the difference between (8) and (27) as well as the
approximation error between (11) and (35) into account, they
may cause the system performance degradation or even destroy
the system stability. Thus, they should be compensated by an
adaptive robustifying term as

uic = —g; (xia)sgn(e;) i, (37)

where sgn(e;) = [sgn(eq), ..., sgn(ei(ni))]T, w; is the estima-
tion of overall error w;, which will be defined later. It can be
updated by the following adaptive law

;i
i =T Y _ lexl, (38)
k=1
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where I';,, is a positive constant.
In summary, the overall DTC can be developed as
Ui = Uig + [Lie + Uic. (39)
The control architecture of the proposed DTC for unknown

large-scale nonlinear systems via observer-critic structure-
based ADP is shown in Figure 1.

Remark 3.3: In local identifier design, RBFNN is employed
to construct local NN observers, since the convergence rate is
higher than that of back propagation (BP) NN. On the other
hand, the local tracking error controller requires the partial
derivative of local critic NN, which has heavy computational
burden. To trade off between the convergence rate and compu-
tational burden, BPNN is selected for local critic NN. Thus, dif-
ferent structures are chosen for these two NNs.

Remark 3.4: Actually, the proposed DTC scheme is an online
algorithm. On the one hand, the unknown dynamics of large-
scale nonlinear systems can be identified by the developed local
NN observer (13) in real time, which helps obtain the subsystem
dynamics as in (26). Therefore, the local desired control can be
derived in real time. On the other hand, the local tracking error
control is obtained by employing local critic NN, which is also
trained online. Therefore, the strategy of the proposed DTC is
online.

3.4. Stability analysis

Theorem 3.3: Consider the unknown large-scale nonlinear sys-
tems which are composed of N subsystems as in (1) with the local
value function (7). The developed observer-critic structure-based
DTC (39) can guarantee the tracking error of closed-loop system
to converge to zero asymptotically.

Proof: Select the Lyapunov function candidate as

1 -
L= Ee,Tei + Vi(e)) + I, 7.

1

(40)

As F(-) is locally Lipschitz, there exists a positive constant
nif such that ||Fi(x;, xja) — Fi(xa)ll < nilleill. Assuming that
|| 8i(xia) || < nj, and denoting fii = ftie — fLic> the time deriva-
tive of (40) becomes

Li = elé; + VVi(e)é; — Fi;)llj)iﬂ)i

= e] (E(xi, xja) — E(xa) + E(xa) — E(xq)

+ Ahi(x, xjq)) — Ui(ei, i) — F,-;llj)iﬁ)i

+e ((gi(x) — §i(xia) + §i(xia)) ui(x:) — & (i) wia (xia))
< nir lleill + e (B (xa) + gi(xia)ui(x)

+ Ahi(x, xjq) — §i(xid)ﬂie)

+11ig leill Il tiell + €] i Ceia)ttic — Ui(ey, pie) — Uil iy
= nif lleill* + €] (F(xa) + & (xia) i (x;)

ARG %) — §Ca) i) + 5 el

+ eiTgi(xid)uic — Amin(Q) lleill?

— (min (R = )l = T . (41)
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Figure 1. The control architecture of the proposed DTC.

Denoting 8 = E(xa) + & (xi, xia)ui(xi) + Ahi(x, xja) —
gi(xia)flie as the overall error, where g;(x;, xiq) = gi(x;) —
8i(x:7) and §; is assumed to be the upper bounded, i.e. ||8;] < w;,
we have

Ls = 1% + e] g (xia) thic

1
nif leill® + leil wi + 7 lle:

— I,

1w

— i (@) el = (R (R) = 72) e

n,
, : )
nig leill® + Y leal wi + = lleill* + ] g (xia)thic
k=1 2

IA

— (@) el = (Amin (R = 72 ) el = Tl i
(42)

Substituting (37) into (42), and combining with (38), we
have

.
. i o
Lis = g lleill* + kZl lei| w; + 3 lle;ll*

— (@) il = (Amin (R = 73 ) 2l

I}, wiw;

1 2
= Amin(Qi) — nif — 3 lle;ll

— (min (R = 12 ) il

Local critic NN «

We can observe that L; < 0 whenever the following conditions
hold

1
)"min(Qi) = nif + Ea

}‘-min (Rz) > fl,zg

It implies that the developed observer-critic structure ADP
based DTC (39) ensures the tracking errors of the unknown
large-scale closed-loop system converge to zero asymptotically.
This completes the proof. |

Remark 3.5: We can see that §; includes the substitution error,
observation error and approximation error of the local track-
ing error control. They can be considered as overall error, which
is compensated simultaneously by (37). Therefore, the tracking
errors of the unknown large-scale nonlinear system can con-
verge to zero asymptotically.

Remark 3.6: Some observer-based ADP methods have been
studied for optimal control (He & Jagannathan, 2005; Yang, Liu,
& Wang, 2014), but action NNs are always employed to approx-
imate the control law. Different from them, the proposed DTC
scheme is obtained by the critic NN only, the training of action
NN is no longer required. It implies that the computational bur-
den can be reduced.

4. Simulation studies
To show the effectiveness of the developed DTC scheme, two
examples are given in this section.

Example 4.1: Consider a hard spring connected parallel
inverted pendulum system (Hua, Li, Wang, & Guan, 2015),



whose model can be expressed as

m 126, — mygly sin @) + b,6; — Fa, cos(6; — B) = 8,uy,
m2l§é2 — nglz sin 92 + bzéz — Faz COS(QZ — ,3) = 52142,

(43)
where b; and b, are damping coeflicients, and
F=k{14+A> (- 1)’} (k= k),
A (=)l <1,
aj cos; — ap cos b,
B = arctan - - ,
Io — ay sinf; + a, sin 6,

lk = {(lo — a4 sin 91 + a; sin@z)z + (a1 Ccos 91 — dy COS 92)2}2 .
In this simulation, the parameters of the coupled inverted pen-
dulums are chosen as: 61 =8, =1, my =my, = lkg, ), =L =
0.5m, Iy = 1m, g = 9.8m/s?, by = b, = 0.009, k = 30, A = 0.1,
and the spring position a; = a, = 0.1.

Let x; = [x;1, xp]" = [0, éil]T € R?. The modified model
(43) can be expressed as

xi = fi(xi) + g (x)u; + hi(x),

where  fi(xi) = [5gg0inx. 0,036, b &i(Xi) = [;], hi(x) =

0
[ 4Fa; cos(xiy — ) ]
In this simulation, the desired trajectories of the two subsys-

tems can be given as

x114 = 0.5cos(0.5t),
X214 = 0.85in(0.3t 4+ 7 /6).

Denote X; = [x;, xjd]T. The basis functions of RBFNNs in the
observers are chosen as Gaussian style as

—(X; — i) " (Xi — cip)
0;f(X;) = exp < 1;2 / ) ,
if
—(x; — cig)T(x; — cig)
0ig(x;) = exp ( gbz £ ) )
ig

where the centres of the basis functions are

[—3-—2-10123
oo | 3-2-10123
f= | -3-2-10123]"

| -3-2-10123
CA_'—3—2—10123]
T -3-2-10123]"

and the widths of the basis functions are b = bz = 0.5.

Let the initial states of the subsystems be x;9 = x30 = [1, 0
the initial states of the observers be %o = [2, —1]T, %y =
[1.5, —0.5]", the observer gain matrix be K;, = diag[ki1,, kizo]

]T

>
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Figure 2. The observation errors by using the neural network observer of Example
4.1.
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Figure 3. The trajectories tracking performance of Example 4.1.

= diag[400, 1200] and the RBFNN weights learning rate of the
observer be I'yy = I'jy = 0.002. The local value function (7) is
approximated by critic NN, whose structure is chosen as 2-3-1
with two input neurons, three hidden neurons and one output
neuron, and the weight vector as W,-C = [Wicl, W,-Cz, VAV,-C3]T with
initial values Wy, = [0.4, 1.8, 1.2]" and Wy, = [0.2, 0.4, 0.2]".
The activation function of the critic NN is chosen as o;.(¢;) =
(e, enen, €} ]. Let the weight learning rates of the critic NN be
Iy = 0.1, the gain of the compensator (38) be I';, = 15, and Q;
=2, Ry = 0.0011, R, = 0.00011, where I,, denotes the identity
matrix with appropriate dimensions.

The simulation results are shown as Figures 2-5. Figure 2
describes that the observation errors converge to a small region
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Figure 4. The tracking errors of Example 4.1.

Control inputs
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Figure 5. The control inputs of Example 4.1.

by using the local NN observers, which ensure the observation
errors to be UUB. It implies that the unknown subsystems are
identified online successfully. The trajectories tracking curves
are illustrated as Figure 3, we can see that the actual trajecto-
ries can follow their desired ones after the system runs for a
short time by using the developed DTC (39). Figure 4 shows
the tracking errors between the desired trajectories and actual
trajectories, which give the same conclusion more intuitively.
Figure 5 gives the curves of control inputs. From these figures,
the closed-loop system can be guaranteed to be asymptotically
stable. Therefore, the simulation results demonstrate the effec-
tiveness of the proposed DTC scheme.

Example 4.2: In order to further test the effectiveness of
the present observer-critic-based ADP for DTC method, a
reconfigurable manipulator with 2-DOF (degree of freedom) is
employed in our simulation (Zhao & Li, 2014).

Reconfigurable manipulators that consist of standard links
and joint modules can be considered as a set of subsystems inter-
connected by coupling torques. In this simulation, the entire
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Figure 6. The observation errors by using the neural network observer of Example
42.
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Figure 7. The trajectories tracking performance of Example 4.2.

dynamics of reconfigurable manipulator can be expressed as
M(9)q+C(q, Pq+ G(q) = u,

where g € R? is the vector of joint displacements, M(q) € R**?
is the inertia matrix, C(q, q) € R? is the Coriolis and centripetal
force, G(q) € R? is the gravity term and u € R? is the applied
joint torque. The system matrices are

M) = 0.36 cos(g,) + 0.6066 0.18 cos(g,) + 0.1233
V= | 0.18 cos(g,) + 0.1233 0.1233 :



Ca. ) = —0.36sin(q2)q2  —0.18sin(g2)42
T9 = | 0.185in(g2) (g1 — G2) 0.18sin(g2)dy |’
Glg) = | ~3-88sin(q1 +d2) —17.64sin (q1)

V= —5.88sin(q1 + ¢») '

For the development of DTC, each joint is considered as a sub-
system of the entire manipulator system interconnected by cou-
pling torque. By separating terms only depending on local vari-
ables (gi, qi, 4;) from those terms of other joint variables, each
subsystem dynamic model can be formulated in joint space as

Mi(g)qi + Ci(qi, g))qi + Gi(qi) + Zi(q, 4, §) = u;  (44)

with

Zi(q,4q,q) = Z M;i(q)q; + [Mii(q) — Mi(q:)]q;
=1, ji

+ Z Cij(q, 9q; + [Ci(q, 9 — Ci(qi, 914
joT i

+ [Gi() — Gi(g)].

where g, qi, gi, G; (9) and u; are the ith element of the vectors
. 9. 4, G(q@) and u, M;j(q) and C;;(q, q) are the ijth element of
the matrices M(q) and C(gq, q), respectively.

Let x; = [xi1, x2]" = [gi, gi]", (44) can be expressed as

Xit = Xi,
. . L. (45)
X2 = fi(qi, i) + gi(g)ui + hi(q, q, 9),

where x; is the state of the ith subsystem, and

fi(qi, §1) = M; ' (qi) [—Ci(Qi, q1)qi — Gi(Qi)] ,
&i(q) = M; ' (q0),
hi(q. 4, §) = —M; ' (9)Zi(q, 4, §)

The desired trajectories of two subsystems are

| q1a | _ | 0.5cos(t) +0.25in(3¢)
U=\ g0 | =1 0.3c0s(3t) — 0.5sin(2t) |

The structure of RBFNNS, the initial states of subsystems, as
well as the initial states of observers are the same as those of
Example 4.1. Let the observer gain matrix be K;, = diag[200,
400], the RBFNN weights learning rate of the observer be I'
= 500 and I'j; = 1. Let the critic NN be the same structure as
Example 4.1 with initial values Wy, = [0.2,1.5,1.1]" and W, =
[1.2,0.8,0.9]", the weight learning rates of the critic NN be n;
= 0.0001, the gain of the compensator (38) be I';;, = 5, Q; =
105, R; = 0.0011.

We can see from Figure 6 that the observation errors of
each subsystem are verified to be UUB by using the developed
local NN observer. Figures 7 and 8 show that the trajectory
tracking and tracking errors satisfy the control performance
when using the present DTC (39). The tracking control inputs
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in Figure 9 demonstrate the closed-loop system of the reconfig-
urable manipulator asymptotically stable.

In summary, the simulation results of the two examples verify
the effectiveness of the proposed scheme.

5. Conclusion

In this paper, we develop a DTC scheme for unknown large-
scale nonlinear systems via observer-critic structure-based ADP.
A local NN observer is established to identify the unknown
subsystem. Hereafter, the local desired control can be derived
directly. For error dynamic system, the local value function is
approximated by constructing a critic NN, and the local track-
ing error control can be obtained. Then, the overall error caused
by the substitution, observation and approximation of the local
tracking error control can be compensated by an adaptive robus-
tifying term. Therefore, the overall DTC can guarantee the
closed-loop system to be asymptotically stable by Lyapunov’s
direct method. Two examples are employed to verify the effec-
tiveness of the proposed DTC scheme.
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