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Abstract: In this paper, an event-triggered adaptive dynamic programming (ADP) method is pro-
posed to deal with the He problem with unknown dynamic and constrained input. Firstly, the
Heo-constrained problem is regarded as the two-player zero-sum game with the nonquadratic value
function. Secondly, we develop the event-triggered Hamilton—Jacobi-Isaacs(HJI) equation, and an
event-triggered ADP method is proposed to solve the HJI equation, which is equivalent to solving
the Nash saddle point of the zero-sum game. An event-based single-critic neural network (NN) is
applied to obtain the optimal value function, which reduces the communication resource and compu-
tational cost of algorithm implementation. For the event-triggered control, a triggering condition
with the level of disturbance attenuation is developed to limit the number of sampling states, and the
condition avoids Zeno behavior by proving the existence of events with minimum triggering interval.
It is proved theoretically that the closed-loop system is asymptotically stable, and the critic NN
weight error is uniformly ultimately boundedness (UUB). The learning performance of the proposed
algorithm is verified by two examples.

Keywords: event-triggered control (ETC); adaptive dynamic programming (ADP); zero-sum game;
neural network (NN); integral reinforcement learning (IRL).

1. Introduction

In control systems, the main task of the controller is to obtain an admissible control
law when certain conditions are satisfied according to the dynamic characteristics of
the plant. Then, the plant cooperates with other controllers to achieve the optimization
of performance indicators (maximum or minimum), so as to solve the optimal control
problem [1]. Solving the optimal control problem is equivalent to solving the Hamilton—
Jacobi—Bellman (HJB) equation. Because of the nonlinearity and partial derivative of the
HJB equation, it is difficult to acquire its analytical solution. In recent years, the adaptive
dynamic programming (ADP) method has received widespread attention for obtaining the
approximate solutions of the HJB equation [2-5]. The ADP method combines the idea of
dynamic programming (DP) and reinforcement learning (RL). The RL-based agent interacts
with the environment and takes action to obtain cumulative rewards, and it overcomes the
problem of dimensional disasters generated in DP. The implementation of the ADP method
approximates the HJB equation by the approximation principle of neural network function,
and obtains the optimal value function and optimal control law by RL. In [6], the structure
of ADP is proposed for the first time. Subsequently, in [7] uses the actor—critic NN structure
to deal with the nonlinear system that depends on the dynamic information. In [8-10],
the policy iteration (PI) consisting of policy evaluation and policy improvement iterative
techniques is used for continuous time and discrete time dynamic systems to iteratively
update the control policy online with state and input information. However, the PI learning
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algorithm relies on a precise dynamic system. Both drift dynamic and input dynamic
are needed in the iterative process. Therefore, it is based on the improvement of the PI
algorithm and uses the iterative technology of PI approximation to the optimal solution.
An integral reinforcement learning (IRL) algorithm in [11] is proposed to release drift
dynamics by adding integral operations. In [12], for a locally unknown continuous-time
nonlinear system with actuator saturation, an IRL algorithm with an actor-critic network is
proposed to solve the HJB equation online. Then, the experience replay technique is used
to update the critic weights to solve the IRL-Bellman equation. The IRL method is used
for the unknown He, tracking control problem of a linear system with actuator saturation
in [13]. The designed controller not only makes the system state trajectory of convergence
but the control strategy can also make the tracking error asymptotically stable.

The complexity and uncertainty of the system increase the difficulty of solving the
HJB solution. Especially the nonlinear system in practical problems, He, control problem is
an alternative method to solve the robust optimal problem. The purpose of the He, control
problems is to design a controller that can effectively suppress the impact of external
disturbances on system performance. Therefore, many studies propose the robust optimal
control method to transform the Ho optimal control problem into the zero-sum game
problem, which is a max/min optimization problem essentially [14,15]. Therefore, the Nash
saddle point of the two-player zero-sum problem is regarded as solving the solution of the
Hamilton—Jacobi-Isaacs (HJI) equation. In [16,17], an online policy iteration (PI) algorithm
is presented to solve the two-player zero-sum game. An ADP-based critic-actor network is
used to approximate the solution of the HJI equation. For the system containing external
disturbances, a new ADP-based online IRL algorithm is proposed to approximate the HJI
equation. Use current data and historical data to update network weights to improve
data utilization efficiency when solving the HJI equation [18]. In [19], an He tracking
controller is designed to solve the zero-sum game with completely unknown dynamics
and constrained input. The tracking HJI equation is solved by off-policy reinforcement
learning. In [20,21], Adaptive critic designs (ACD) are used to solve the zero-sum problem
that external disturbances have an impact on system performance.

However, in engineering applications, the controller requires high physical charac-
teristics and security, which is usually limited by the threshold. In addition, the design
and analyzable methods of the control system also have higher requirements. It is not only
necessary to achieve the control design goal to ensure the stability of the dynamic system
but also to consider the control performance of the system to save energy and reduce
consumption. The above iterative methods mostly use the time-triggered mechanism of
periodic sampling to solve the nonlinear zero-sum game problem with actuator saturation.

To reduce unnecessary data transmission and frequency update between components,
the event-triggered mechanism is introduced into adaptive dynamic programming for
the first time in [22]. A controller with sampling states limited by a triggering condition
is designed, which not only ensures the stability and optimality of the system, but also
reduces the controller update. For the system with constrained input, [23,24] propose
an approximately optimal control structure based on the event-triggered strategy, which
makes control laws update non-periodically to reduce computation and transmission costs,
and ensures the uniform ultimate boundedness of the event-triggered system. The designed
triggering condition is the key to the event-based controller. Not only does the triggering
condition have a non-negative triggering threshold but it avoids Zeno behavior. In [25],
an event-driven controller is designed, and the triggering condition should not only have
a non-negative triggering threshold but also the Zeno behavior is free. In [26], the IRL-
based event-triggered algorithm is used to solve the partially unknown nonlinear system.
The critic-network updates periodically and the actor-network updates non-periodically
to approximately acquire the performance index function and control law. The good
convergence of the NN weight is theoretically proved and effectively avoids the Zeno phe-
nomenon. For the system with unknown disturbance, the robust controller is designed by
using the He, control method. In [15], an event-triggered He, controller is structured, which
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introduces the disturbance attenuation level into the triggering condition, and ensures that
the triggering threshold is non-negative by selecting appropriate parameters. The control
law is updated with an event-triggered strategy, and the perturbation law is adjusted under
the time-triggered mechanism.

At present, the event-triggered ADP algorithm has been applied to optimal regu-
lation problem [27,28], optimal tracking control [29], zero-sum game [30-32], non-zero-
sum game [33,34], robust control problem [35,36]. However, most studies are based on
identification—critic NNs or critic-actor-perturbation NNs structure to approximate obtain
the solution of the HJI equation for the zero-sum game problem, which often increases the
communication load such as actuators and controllers, and increases the loss of resources
and costs [37,38]. Therefore, an event-triggered ADP method is proposed to solve the
He, optimal control problem for partially unknown continuous-time nonlinear systems
with constrained input, and the structure of a single-critic network is constructed to ac-
quire approximately the solution of the HJI equation. This paper aims to achieve the
following aspects:

1.  Based on the event-triggered control, the triggering condition with the level of dis-
turbance attenuation is developed to limit the sampling states of the system, and the
appropriate level of disturbance attenuation is selected to ensure that the triggering
condition remains non-negative.

2. An event-triggered Hy input-constrained nonlinear system controller is designed.
The event-based control law and disturbance law are updated at the triggering instant,
and the computation in the control process is effectively reduced.

3. For the zero-sum game problem, a single-critic network structure based on the event-
triggered ADP is proposed to approximate the solution of the HJI equation. It not only
greatly reduces the update frequency of the controller and reduces the computational
cost, but also the reliance on known dynamic information is relaxed.

The rest of this article is organized as follows. Section 2 gives the description and

transformation of the problem. Section 3 introduces the event-triggered HJI equation.
Section 4 describes the implementation of the event-based ADP algorithm, and gives an
analysis of system stability. Section 5 demonstrates the simulation of the continuous-time
linear system and the continuous-time (CT) nonlinear system, and Section 6 presents the
conclusion of this paper.
Notation. Some parameters are defined in this article. R, R™, R™*" are all denoted the set
of real matrices, and m, m X n are represented as the corresponding dimension matrix. N*
is the set of positive real numbers. tanh ™ T (-) is expressed as an inverse hyperbolic function,
A(-) and A(-) are defined as the minimum and maximum eigenvalue of the matrix. || - ||
express as the 2-norm. VV = 9V /dx is denoted as the partial derivative of the function V
with respect to the variable x, — denotes as numerical infinite approximation.

2. Problem Description

Consider the continuous-time nonlinear system with external disturbance as

x = f(x(t)) +g(x(t))ult) +h(x(t))o(t) )

where x € R" denotes the states vector of system. u(t) = {(u1,up, -+ ,um) € R™ : ||u;]| <
upm, i =1,2,---,m}, up is a positive upper bound. f(x) € R" is drift dynamic, and has
f(0) = 0. g(x) € R™™ is input coupling dynamic. h(x) € R"*7 and v(t) € R7 are the
disturbance dynamics and bounded external disturbance. vy, is a positive constant with
[o())]| < vm.



Appl. Sci. 2023,13, 2140 4 0f 23

Since the system is affected by constrained input, M(u) is defined as [39]

u T
M(u):Z/O uptanh™ ' (u/upr)Rdp

m u; (2)
=2 Z/o up tanh ™" (i /upn) Ry
-1

where M(u) represents nonquadratic function, and R is assumed to be diagonal matrix.
tanh~ T (-) is a hyperbolic tangent function, which is treated as the constrained input.

For the Ho, control problem with constrained input, we need to reduce the impact
of external disturbances on system performance. For any v(t) € L0, c0), the closed-loop
system (1) exists

/t.oo (xTQx + M(u))dT <9 /t.oo oT (1T)v(T)dT 3)

and this is, Ly-gain not larger than v is satisfied, where Q € R"*" is a symmetric positive
matrix. v > 0 denotes the level of disturbance attenuation.

The design intention of the Hy, optimal control problem is to find a control law that
not only guarantees the asymptotic stability of the system (1) but also the disturbance
attenuation condition (3) holds. Then, we need to define the following value function

J(x(t),u,v) = /too U(x(t),u(t),v(r))dt 4)

where U(x,u,v) = x"Qx + M(u) — v v.

To achieve the above goals, the Hy, control problem is treated as the zero-sum game
problem. By the minimax optimization principle, the perturbation policy is used as a
decision-maker and maximizes its value, while the control policy acts as another decision-
maker and minimizes its value. The following optimal value function is indicated as

V*(x) = J(x(b), u*,v*) = min max ./t'°° U(x(1), u(t), v(t))dt )

u v

Assume that the V(x) = J(x, u, v) is continuous and differentiable, and the Bellman
equation can be given as

VVI(f+gqu+hv)+xTQx+Mu) —~+*0"v=0 (6)

Then, the Hamiltonian function is defined as
H(x, VV,u,v) = VV*T(f + gu +hv) + M(u) + x"Qx — %0 Tv )
Definition 1 ([12]). A control law is defined as admission with respect to the value function (4) on
a compact set A. If u(0) = 0 and v(0) = 0, u(x) can ensure system (1) stability on A and for any

xo € A the value funcion V (xg) is finite.

By stationarity conditions 0H /du = 0 and dH /dv = 0, the optimal control law u*(x)
and the disturbance law v*(x) are expressed as

* _ 1 -1.T *
u*(x) = —up tanh (mR g (x)VV (x)) 8)
V() = 37 T () VY () ©)
Submitting (8) into (2), M(u*) can be obtained

M(u*) = upyVV* g tanh(¥) + u3,R1In (1 — tanh?(¥)) (10)
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where ¥ = 1/(2up)R~1¢TVV*(x), and 1 indicates the elements are all 1 column vectors,
R is a row vector made up of the diagonal elements of R.
Based on (7)-(9), the optimal time-triggered HJI equation becomes

VV*T(x)f(x) + xTQx + u3,RIn (1 — tanhz(‘I’)) — %L'y’ZVV*Th(x)hT(x)VV*(x) =0 (11)

From (11), it is difficult to solve its solution. In addition, since the dynamic system
f(x) is unknown, it further increases the difficulty of solving the HJI equation. Thus, we
prefer to introduce the IRL technology to obtain the solution to the HJI equation without
requiring the system dynamic f(x).

The learning process of IRL mainly includes the following steps in Algorithm 1 .

Algorithm 1 IRL algorithm.

1: Choose the initial admissible control laws u, vg. '
2: Policy Evaluation. During the interval time [t — T, ], the value function vlil(x) is
obtained by solving the following Bellman equation

Vil 1)) = | | C(TQr M) = 2ollTolar + Vi) - (2)

3: Policy Inprovement. Update the control law and disturbance law by

i I - i
ulit1] (x) = —ups tanh (mR 1gT(x)VVH(X)> (13)

W (x) = 2o 2T (1) vV ) (1)

Remark 1. The IRL algorithm is an improvement over the policy iterative (PI) technique. Compared
with the standard Bellman Equation (4), the IRL-based Bellman Equation (12) does not involve
system dynamics f(x) and g(x).

However, in the IRL algorithm, the control policy is updated at t and applied to the
next interval [, + T] of the system. It is so-called periodic sampling or time-triggered
control (TTC). By the TTC, the control law and disturbance law are periodically updated,
which may cause large numerous resource consumption and computation costs for the
network system with limited bandwidth. Therefore, an event-triggered ADP is applied to
solve the HJI equation for the He control problem.

3. Design of Event-Triggered H,-Constrained Optimal Control

An event-triggered control is introduced into ADP to solve the zero-sum game problem
and then develops an event-triggered HJI equation. Then, a triggering condition is designed
to limit the number of sampling states which can avoid the Zeno behavior.

In the ETC, the event-triggered instant sequences are defined as {t;}3° ), tr < tryq
and k € N*. A novel sampling state can be obtained at the triggering instant when the
triggering condition is violated. The event error determines the appearance of the sampling
state, and it can be expressed as

ex(t) = 2 — x(t),t € [t tiy1) (15)

where £, = x(t;) is the sampling state at the triggering instant t; and x(t) represents the
current state, respectively.

Remark 2. The event is triggered depending on two basic conditions, which are the event-triggered
error ey and the triggering threshold er. An event occurs and the controller updates when the
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VT (2) f(x) + 2TQx + M(u* (%)) — unV*T (x)g tanh (ﬁR-lgTw)vv*(fk))

error violates the triggering threshold, this is, the error is ey = 0 at t = ty. The holding of the
sampling state in the non-triggered interval t € [ty, ty, 1) is realized by the zero-order holder (ZOH).
The ZOH is used to store the control law of the previous moment and convert the sampled signal
into a continuous signal. Then, the law is kept until the next triggering instant.

It is assumed that there is no delay between the sensor and the controller. According
to (15), the closed-loop system (1) is rewritten as

X = f(x) + g(x)u(fy) +h(x)v(2k), t € [th, tr1) (16)
Then, the event-based value function is shown as
V(x(t—=T)) = /;T (x7TQx + M(u(#) — /2T (2)o() JdT+ V(x(t) (A7)

Therefore, the optimal event-triggered control law and the disturbance law in ¢ €
[tk, tk+1) can be transformed into

u* (%) = —up tanh (ﬁR—lgT(fk)vv* (aek)) (18)
v (5) = 37T (8 VY (5) (19)

Similar to (11), the event-triggered HJI equation becomes

(20)

1 . . 1 R . R ./ n
+357 2VVT () ()T (£)VV* (2¢) — il WV (#0)h(2)RT (£) VYV (£) = 0

To sum up, in order to reduce communication load and computational cost, we
introduce the event-triggered ADP in Algorithm 2 as follows

Algorithm 2 Event-triggered ADP algorithm.

1: Choose the initial admissible control laws u, vg.

2: Policy Evaluation. During the interval time, the value function V(x) can be obtain by
solving the event-based Bellman equation (17).

3: Policy Inprovement. (18) and (19) can obtain the optimal control policy u* (%) and
the optimal disturbance policy v* (%) separately.

Assumption 1 ([15]). For the optimal value function V*(x) is continuously differentiable, V*(x)
and VV*(x) are bounded on A, such that the solution V*(x) and its partial derivative VV*(x)
can be denoted as max{||V*(x)||, || VV*(x)||} < 5o with a positive constant 1.

Assumption 2 ([26]). For Vx € R", there exist gpr > 0 and hpy > 0 and can be satisfied with
g(x)[l < gmand [|h(x)|| < hp.

Assumption 3. Assuming that the optimal control law and the disturbance law are Lipschitz
continuous on a compact set A € R"™. There exist L, > 0 and L, > 0 satisfying

[ (x) = " (i) || < Lullex(B)]] (21)

[0 (x) = v* () | < Lollex(t)] (22)
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Theorem 1. Let V*(x) be the optimal solution of (11). The optimal control laws u* (%) in (18)
and v*(x) in (19) are obtained to ensure that the dynamic system is uniformly ultimately bounded
(UUB) only when the following triggering condition is given as

1- 02 .
e8] < | oy eapz MQIIE 2 er @)

where v > 0 is the level of disturbance attenuation from (3), o is a positive design parameter. A(Q)
is the minimum eigenvalue of the matrix Q. The controller gets a new control law when the event
error ey exceeds the triggering threshold er.

Proof. The optimal value function V*(x) is obtained from (11) and it is positive definite
for any x # 0. Use V*(x) as the Lyapunov function, and its derivative to time is defined as

V*(x) = VT (x) (f + gu* (%) + hv* (%))
= VT (x)g(u* (%) — u* (x)) + VV*T (x)h(v* (%) — v*(x)) (24)
+ VV*T(x)(f + qu*(x) + hv*(x))

From (6), we can acquire
VT (x)(f + gu* (x) + ho* (x)) = —xTQx = M(u*(x)) +7*0v*Tv* (25)

Then, (8) and (9) can be transformed as

VV*T(x)g = —2upR tanh T (uzlf\:)> (26)

vV T (x)h = 272U*T(x) (27)
According to (25)-(27), (24) can be rewritten as
V*(x) = 2upRtanh T (Ll;(x)) (u*(x) — u* (%)) —x T Qx
M
$1 (28)
+29%0* T (x) (0" (%) — v* (x)) =M (u*(x)) + Yo To*

52

By the weighted form of Young’s inequality, we have

1 < |uuR tanh T (“) [P+l () — w2 P
Umpm

1 ) (29)
< L[|V T s+ Ll
Similarly, we can obtain
52 < V2 I[v*]12 + 2|0 (#) — v (2)|?
2 < P2+ 220 () — 0" )] o)

2
< P02 + 2 2LE e (1))

Let Assumption 1-3 holding and note xT Qx > A(Q)||x||?, we have
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VA (x) = —xTQx — M(u*(x)) + 292[[v* (x) |2 + ¥2L2lex (1) ||
1 * 2 2
+ 7|V T @g| + Bl
< —(1=)AQ)||x]1* = PAQ)|x|* + (L2 + 72L2) |ex]? (31)

1 2 1 2
+ ZHVV*T(x)gH + WHVV*T(x)hH — M(u*(x))
< —(1=)MQ)|Ix|I* = M(u*(x)) + (L7 + 7Ly lexl|* — A(Q) [1x[|* + o

where wy = (1/4)n3g%, + (15h3,)/ (27?). From (10), we can obtain —M (u*) < 0. If the
triggering condition is given by (23), we can obtain

V*(x) < —0”M(Q) ||| + wo (32)

Thus, it can conclude that V*(x) < 0 for ||x|| > \/wo/(02A(Q)). Therefore, the opti-
mal laws u*(%;) and v* (%) can ensure that the closed-loop system (1) is asymptotically
stable by the Lyapunov theory. The proof is completed. [

From (23), we can acquire the triggering interval currently when the event is triggered.
The difference between the two triggering instants is recorded as the triggering interval.
The interval can be expressed as 7 = t;1 — tx. However, the Zeno behavior occurs if there
exists (¢ ) min = 0.

Remark 3. Zeno behavior is a special dynamic behavior in hybrid systems in which an infinite
number of discrete transitions occur in a finite amount of time [40]. The existence of the Zeno
behavior does not guarantee that the system can be asymptotically stable. Therefore, it is required to
avoid Zeno behavior.

Theorem 2. Under the triggering conditions (23) given in Theorem 1, the inter-execution time
exists T, = txyq — by and satisfies
I'(t)

= L) (33)

where T(t) = |lex(t)||/]|x(t)||, then the minimum interval time is not less than the positive con-
stant.

Proof. Based on [41,42], for t € (f, tx,1), we have

P (T ETx(ele)? (34)
(12 [
g x|
[ex 11| x|

According to (15) and its gradient is é;(t) = % — %(t). Since £ is a constant for
t € [t, txy1), we obtain é(t) = —x(t). For the drift dynamid f(x) is Lipschitz continuous,
there exists Ly > 0 and satisfies ||f(x)|| < Lx||x||, such that the following inequality
holds [36]
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12 = el = [[£(x) + g(x)ul) + hx)o(E)|
< F @) + g G)u@O] + hx)v(zo)| (35)
< Lyflx + el
Thus, we can obtain
o el I e
I'(t) < +
N IR
YA
RS
36
< Lo + Ll Jle )
S E

— L <1 n ||€k|)
]

From (33) and (36) can be rewritten as I'(t) < Ly (1 + F(t))z. Let o(t) be the solution
to 0(t) = Ly(1+ Q(t))2 and satisfying 0(0)=0. Then, its solution can be expressed as
o(t) = Ly(t — t;)/ (1 — Ly(t — t)) where t > t;. Therefore, we obtain I'(t) < ¢(t) b
comparison principle. Assume that the instant time ¢ € R", and have t; < ¢ < t;,1, we
can obtain I'(¢) < ¢(¢). Then, we obtain & > 5 + t; with 7 = I'(t)/ (Lx(1 +I(#))). Since
7+ tx < ¢ < tpy1, wehave 1, =ty 1 — t; > 1. For the asymptotically stable closed-loop

system, we can obtain e (t) > 0 for any ||x(t)|| # 0. Therefore, I'(t) > 0 is held, which is
guaranteed to have a lower bound with () in > 17 > 0. The proof is accomplished. [

4. Approximate Solution of Event-Triggered HJI Equation

An ADP-based event-triggered algorithm is shown before. In this section, an event-
based single neural network with the approximation function is constructed, namely critic
NN, to approximately solve the HJI equation.

Based on the general approximation of neural networks. The value function V(x) and
its gradient V'V (x) can be obtained by the neural network as

V(x) =W g(x) +ey(x) (37)

VV(x) = V(x) "W, + Vey (x) (38)

where W, € R is the ideal weight the critic NN, L; is the number of neurons, ¢(x) € Rl
is the suitable activation function of NN. ey (x) indicates the reconstruction error.

The approximate value function can be obtained from (37), and substituted it into (12)
to obtain the following Bellman equation

/tiT (xTQx—I—M( u) —y*v U)dT+WTA4)( x) = ep(t) (39)

where Ap(x) = ¢(x(t)) — ¢p(x(t — T)). Due to the existence of the NN approximation error,
the Bellman equation error is

es(t) = ev(t) —ev(t—T) == [ iT(Ver(x) +g(x)u+h(x)v))dr  (40)

For (39), the optimal value is obtained only when ep goes to zero indefinitely. However,
the ideal weights W, are unknown, they can be estimated by the current weights W;. The
actual value function of the approximate network can be expressed as

V(x) =Wl g(x) (41)
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VU (x) = Ve (x) We (42)

To solve the optimal control problem, the value function is obtained by solving the
Bellman equation in the policy evaluation, and then the new control laws are obtained by
the present value function in the policy improvement. Combined with (20), (21), and (42),
the event-triggered control law and disturbance law become

(2 =~y tanh (5, R71gT (5) V9T (20 )

R 1
0(%) = 577" (2) Ve (%)W, (44)
Combining (12) with (41), the approximate Bellman equation is described as
4(t) + W g (x) = ec (45)

where the reinforcement signal during the integral interval can be defined as

10 = [ (T Qr+ M(a(s) — 70T (8030 dr (46)

In the iterative process of NN, its purpose is to minimize the value function. The gradient-
descent method is used in this paper. Then, the critic network weights are adjusted online
by minimizing the objective function E = (1/2)e/ ¢.. Thus, the turning law of the critic NN
weight can be expressed as

) JE 9E de. Ad
Wc = Qe = _acaiif\ = —066—2
oW, ec oW, (1+ ApTAQ)

(47)
<{ /,:T (xTQx + M(1(2)) — 720 (2)0 (%)) dT + ApT ()W |

where a; > 0 is an adaptive learning rate and (1 + A(,DTA(])) is used for normalization.
Define the critic weight approximation error as W, = W, — W,, and the square of the
denominator in (47) is used to guarantee W, is bounded. Then, the critic weight error
dynamic is presented by

We = —acAp(H)APT (W, + acAp(t)mep(t) (48)
where m = 1/(1+ ApTAP), Ap = Ap/ (1 + ApTAg).

Remark 4. This paper designs an online event-triggered ADP learning algorithm, the activation
function must be continuously excited to ensure that the NN weights can be converged. Then,
the value function and control laws are obtained. Therefore, the probing noise signal with dif-
ferent amplitudes and diverse frequencies is constructed as d(t) = 0.5(sin(0.08t)? cos(1.5¢) +
0.3sin(2.3t)* cos(7t)).

Remark 5. Under the triggering condition (23), the adaptive learning law of the critic network (47)
updates its weight by the reinforcement signal from (46), then the control law (43), and perturbation
law (44) are updated at the triggering instant. In order to intuitively clarify the main idea of the
algorithm, Figure 1 shows the block diagram of the event-triggered ADP Heo-constraint control.
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»
N
V() Critic NN
Weig{lts
V) ..
» \
Event Generator )
»> | Reinforcement Signal
x(1) R Eq.(46)

= J

— l

e

s N Y
Control Disturbance .
Law Law ‘ 4% Nonlinear system x(t)

N J

a)i 0(%,)
vy
e u(t)
ZOH ———
) o(1)
— continuous-time signal =~ -==-- P discrete-time signal ~ — - $ NN learning path

Figure 1. The structure diagram of Event-triggered ADP algorithm.

Assumption 4 ([26]).

a

1. g(x) and h(x) are Lipschitz continuous and satisfy ||g(x) — g(%)|| < Lgllex(t)|| and
1h(x) = h(£0)|| < Lylex(£) .

2. V¢(x) is Lipschitz continuous, that is [|[V¢(x) — V(£x)|| < Ly|lex(t)|, Ly is a positive
constant.

Assumption 5 ([34-36]).

1. The NN activation function and its gradient are bounded by positive constants so that
1) < P [[VP(X)| < P

2. The critic NNs approximation error and its gradient are all bounded by a constant and satisfied
levll < em [[Vev] < enm-

The control law u(x) is admissible control. The approximate weight W, can be guaran-
teed to converge to ideal weight W, under persistent excitation (PE) condition. Assume
that the activation function A¢ is continuously exciting in the interval [t — T,¢t]. Let the
residual error due to the approximation error satisfies |leg|| < epr, and it can ensure that the
critic network weight is UUB. The boundedness condition of critic NN weight is expressed
at (50).

Theorem 3. Let Assumption 1-5 be valid, and the control laws and the turning law of critic NN
are implemented by (43), (44), and (47). The closed-loop system (1) is asymptotically stable and the
weight approximation error (48) is UUB only when the triggering condition in (23) is used and the
following inequalities condition holds

(e~ DAGPBEPT () @2 > 0 )

where @, and @4 are constants from (60) and (63).

Proof. The initial control for the dynamical system (1) is admissible. For the value func-
tion (4) of the system, the Lyapunov function is constructed as

L()=L1+Lry+ L3 (50)

where £1 = V*(x), Lo = V*(%), L3 = (1/2)WIW..
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The process of NN learning is mainly divided into two cases under event-triggered
control: (1) During the flow dynamic on t € [fy, t;,1). (2) At the triggering instant t = f;.
Case 1. When the triggering condition is not satisfied and the derivative of £; can be
given as

Ly =YV (x) (f(x) + g(x)a (%) + h(x)0(%))
= VV*T (x)g(x) (1(%) — u*(x)) + VV* T (2)h(x)(0(%) — v* (x)) (51)
+ YV (x) (f(x) + g(x)u* (x) + h(x)v*(x))

According to (25)—(27) and (51) can be transformed as

2= 2uRiant T (0 ) (a(50) — () #2720 T @080 )
— xTQx — M(u*(x)) + 720" (x) Tv* (x)
Similarly, using Young’s inequality, we have
&1 < Junareant ™ (D) i) - w12 2o IR
+ 2 [10(2) — v ()] = xTQx — M(u* (x)) + 770" T (x)v" (x)
(53)

22 o)~ 2T Qx - M (x)

+ (%) = u (x)|2 7 [ 0(%) - v* (1)

01 02

< Z|lvv s

Combining (8) with (38), then we obtain
1 - *
u*(x) = —up tanh (mR leT(x)VV (x))
(54)
1
— _up tanh (mk—lgT(x)vq)T(x){wc +Vey(x)})

Note that | tanh(x)| < 1and |x —y| < |x| + |y|, Then, we have

uprtanh (3, R g7 () (VT (1) We + Vey (x)))

2

01 =

~ uyrtanh (5, R (5 V9T (8 (We — o))

2

< | 7 ’1gT(x)(V¢T(X)Wc+V8v(x))+ﬁR’lgT(fk)WT(fk)(Wc—Wc) (55)
< IR (Vo)) — Vp(ig(0) We + 8T (1) Vev(x) + Vo) (e We|
< IR (| Vp(x)3(x) ~ Vo(z @) P Wel? + [T (1) Vev () + Voing (e e )
F %
According to Assumption 4 and Assumption 5, we obtain
Fi = | V(x)g(x) = V(20)g(x) + V(£1)g(x) — Ve(2e)g ()
= [[(Ve(x) = Vo (£1))g(x) + Vo (£1) (8 (x) — g () | 6)

< 2)[(V(x) — V()21 + 2| V(0 (8 (x) — g(%0))1
< 2(L3gh + #hiL?) el



Appl. Sci. 2023,13, 2140 13 of 23

Similarly, it can be obtained

= ||s ) Ver () + Voeng e e

<2Hg X)Vey (x H +2|| V()8 (£0) We || (57)
§2(8M€M+8M<PMHWCH )

According to (55)—(57), 01 rewrite as

o1 < IR7P L3k + @hL2) leel PIWe 2 + IR 2 (ghiehs + haohal Wl ™) (58)

Lisewise, combining (9) with (37), 0, can be given as

02 < |37 2T () (V9T ()W + Vv (x)) — 39247 (50 VT (2 e |
< S IV 0I(x) = V() PIWE? + [T () Vey (012 + | V(0h(z) e &9)

< (LI + Ol lewl PIWel? + iachs + Iagal | We
According to (53), (58) and (59), we have

. ~ 12
L1 < —xTQx — M(u*(x)) + @1 ||ex| | We | + @2 |[We||* + @3

(60)
<2
—(1 = )AQ)[1x]* = PAQ) 1[I + @1[ec|*[We |* + @2 | Wel|” + @3

where @1 = [[R7V|2 (L3¢, + ¢3,L2 ) +12(L3h3, + ¢, L3), @2 = | R |23, +12H3 ¢k,

@3 = 1840 + 27703 + IR |2e3%y + el

If the event is not triggered, we have £, = 0. Note that 1/ (1 + A¢'A¢p) < 1, thus,
m, A¢(t) from (48) are bounded. Then, according to W, = W, + W,, the part of L3 can be
given as

Ly =WIW, = —a W] Ap()ApT (W, + a W, Ap(t)meg(t)
e A(Ap(AGT ()Wl + a2k, + 2 ABG(AT )W (e1)

< (e — )ABHO BT ()W + 30263,

IN

Combining (60) and (61), we have

; <2
£ <= (1= P)AQ)Ix[* = ®A(Q) 1 ¥II* + nlexl|* | Wel|* + oz | Wel|

1 w2 1 (62)
— (e = 5)ABP()APT (D) [Wel|” + Sadels + s
Let the triggering condition (23) holding the derivative of £ become
1 - ~ . T ~ 2
£ < =MQ)x]” = ( (ac = 5) ABP(D)APT (1)) — @2 ) [Wel|” + 4 (63)

where @4 = (1/2)a2e3, + @3. Let the triggering condition (23) and the inequality condi-
tion (49) hold. We can conclude that £ < 0 if the ||x(t)|| and ||W,]| are satisfied with

0y

2A(Q)

]l > (64)
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_ 200,
el > \/(Zac —DABp(1)APT (1)) — 2, )

Therefore, by the Lyapunov theory, the state x and the NN weight error W, are
uniformly ultimately bounded.
Case 2. The event is triggered at f = t; 1. A new Lyapunov function is constructed as

AL(t) = ALy + ALy + ALs (66)

where AL = V*(xt) — V*(%), ALy = V*(f41) — V¥ (%), ALy = 1/2(WF TWF —
WJIW,). If £ — 0, then we have x* = x(t}) — x(t + &) with & € (0,t5q — ). It
can be concluded x and W, are UUB in the flow dynamic from Case 1 such that the closed-
loop system (1) is asymptotically stable. Since V*(x) and W, are continuous, then we can
obtain AL; = 0 and ALz = 0. At the triggering instant t = t;.1, we have

ALy = V¥ (Rikg1) = V(%) < —w(llecra(to)l]) <O (67)

where e, 1(t;) = %11 — £, and w() is a class-k function [43]. Therefore, we can obtain
AL < 0. The above two cases ensure that the closed-loop system under the event-triggered
strategy is asymptotically stable and the NN weight error is UUB if the triggering condition
(23) and the inequality (49) are held. The proof is completed. [

Remark 6. The theoretical description has been shown. Algorithm 2 can be implemented by using
a single critic NN, which updates the critic weight using the turning law (47). Then, the new
control laws u(x) and v(x) are obtained by (43) and (44) when an event occurs. Compared
with [12,26,35,44], we propose the event-triggered ADP method which solves the zero-sum prob-
lem with actuator saturation and partially unknown dynamic. Based on event-triggered control,
the control laws of the two-player are presented in segments by the designed triggering condition
(23). Thus, the event-triggered control avoids unnecessary data transmission and calculation costs.

5. Simulation Results

In this section, two simulation examples of the linear system and the nonlinear system
are provided to verify the effectiveness of the online event-triggered adaptive dynamic
programming algorithm for the continuous-time system.

5.1. Linear Sytsem

Consider the F-16 aircraft continuous-time linear system with external perturbation
as [12]
X = Ax(t) + Bu(t) + Ho(t) (68)
where
—1.01887  0.90506  —0.00215
A= 08225 -1.07741 —0.17555|,B=[0,0,1]T, H = [1,0,1]"

0 0 -1
The three state vectors are denoted as x = [x1,xp, JC3]T, and the initial state is
xo = [1,—1,2]T. Choose a matrix of the appropriate dimension, where Q = I3 and
R = I. The constrained control can be satisfied with u € {u € R : ||u|| < 1}. The activa-

tion function of single NN is qb(Ax) = [x%, xi, x%, X1X2, X1X3, X2X3]T. Then, the approximated
weight vectors are denoted as W, = [Wcl, We,, VAVCS, WC4, Wc5, Wcé], which is the solution of
the algebraic Riccati equation (ARE): ATP + PA — PBR™!BTP + Q = 0. The NN learning
and triggering parameters are needed in this paper: v+ = 0.5, L € (0,1), T = 0.1, a, = 0.35.
The external disturbance is selected as v(t) = 5cos(t)e™".

Figure 2 shows the convergence of three state vectors. It is obvious that the states
tend to be asymptotically stable. The iterative process of critic NN is illustrated in
Figure 3. The critic weight vectors are converged to W, = [—0.0349,—0.0128,—0.1575,

1.4738, 0.6577, 0.2075]T under the PE condition after 60s. Therefore, the PE condition
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is effectively guaranteed by adding detection noise. Under the event-triggered strat-
egy, the control law and the perturbation law are updated in a nonperiodical manner.
The evolution of ETC laws u(%£;) and v(%£y) is described in Figure 4. Under the condition of
constrained input, the control law remains no more than 1, that is ||| < 1. The trajec-
tory of event error (15) and the triggering threshold (23) is shown in Figure 5, which verifies
the working effect of the triggering condition. Figure 6 presents the event-triggered sample
intervals and periods under the triggering condition. Compared with 1000 sampling states
based on the time-triggered strategy, only 85 state samples are performed based on the
event-triggered strategy. From Table 1, the minimum interval time (7 ) i, = 0.1, and the
Zeno phenomenon is avoided. As a result, the updated frequencies and computations of
the controller are greatly reduced.

Table 1. State Sampling of Two Strategies.

Methods Event-Triggered Time-Triggered
Samples 85 1000
Minimal interval (s) 0.1 0.1
Average interval (s) 1.0165 0.1
T T T T T T T
25¢ T 1|+
- = =Ty
L3
21 i
i
1.5 .
1 - -
05! .
1Y
I
ot 4
I
I
-05} .
| | 1 | 1 | |
10 20 30 40 50 60 70 80

Time(t/s)

Figure 2. Three state vectors of linear system.



Appl. Sci. 2023,13, 2140 16 of 23

20 30 40 50 60 70 80 90 100
Time (t/s)

Figure 3. The weight trajectories of a single NNs.

0.05 1 7

0 10 20 30 40 50 60 70 80 90 100
Time(t/s)

Figure 4. The control law u(%) and the perturbation law v(%y).
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[lex ()]
. = = Jlesll ||
25 7
60
- —
AJ;( | I 1 L dic
~ —7
50 60 70 380 90 100
Time(t/s)

Figure 5. The event error ||e;||* and the triggering threshold er.

1'4 T 1‘01 T T T

= el [T

20 204 20.8

| —% Time-triggered

Time(t/s)
(a)
131 L ‘ : ‘ :
1 ¥ e —% Event-triggered
1.2 4
1.1 0.8 ] i

25 30 35 40 45

SURNLILI | [000IAARABRARAS

10 20 30 40 50 60 70 80 90 100
Time(t/s)

(b)

Figure 6. Sample intervals of two strategies. (a) The time-triggered control. (b) The event-

triggered control.
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5.2. Nonlinear Sytsem

Consider a continuous-time nonlinear system with the external disturbance given as

x = f(x(t) +g(x(t))u(t) + h(x(t))v(t) (69)
where
—x]+x
f<x) - —0.5x1 — O.SXZ(llf COZS((2X1) + 2)2)]

8(x) = [cos(ZJ(c)l) + 2] () = [sin(43(c)1 + 2)]

The state vectors are denoted as x = [x1,x3]", and the initial state is xo = [1,—1]".
The constrained input control is satisfied with u € {u € R : |ju|| < 1}. Choose Q = I,
and R = I;. The activation function is selected as ¢(x) = [x2, x1x,x3]T. Then, the approxi-
mated weight vectors are denoted as W, = [W,,, W,, W,,]. The NN learning and triggering
parameters are needed in this paper: v =04, L € (0,1), T = 0.1, a, = 0.25. The external
disturbance is selected as v(t) = 5cos(t)e " similarly.

The two state trajectories of the closed-loop system are described in Figure 7. It
is obvious that x; and x, gradually converge to asymptotically stable. The ideal critic
weight is [W,, We,, WC3}T. The NNs can be ensured to converge under the action of PE
condition. Figure 8 demonstrates the approximable critic weight vectors are converged
to [0.5468, 0.8876, —0.4125}T after learning. From Figure 9, we can obtain the evolution
of ETC policies u(%;) and v(£;). Under the condition of constrained input, the control
law remains no more than 1, that is ||#ax|| < 1. The trajectory of the event error and
the triggering threshold are shown in Figure 10. It can be seen intuitively that the event-
triggered errors are always within the triggering thresholds. Figure 11 indicates the event-
triggered sampling intervals under the event-triggered mechanism. From Table 2, it has
only 157 sampling states are performed based on an event-triggered strategy. Likewise,
states will be sampled at each time by using a time-triggered strategy.

1.5 T T T T T T T

05T

-1.5

1 1 1 1
10 20 30 40 50 60 70 30
Time(t/s)

Figure 7. The evolution of x1(¢) and x5 (t).
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0 10 20 30 40 50 60 70 80 90 100
Time(t/s)

Figure 8. Three vectors for a single-critic network.

80 90 100

1 T T T T T ] T T T . i
v(Zr)
0

0.2

| -0.2 |
0.4

3t i

| | | 26 28 30 32 34 36 38 | |

10 20 30 40 50 60 70 80 90 100
Time(t/s)

Figure 9. The control law u(#%y) and the perturbation law v(£y).
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Figure 10. The event error ||e;||* and the triggering threshold er.
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Figure 11. The event-triggered sampling intervals
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Table 2. Comparison of Nonlinear System Sampling

Methods Event-Triggered Time-Triggered

Samples 157 1000
Minimal interval (s) 0.1 0.1
Average interval (s) 0.527 0.1

6. Conclusions

This paper has proposed an event-triggered ADP algorithm to solve the locally un-
known zero-sum game problem with constrained input. Using the IRL technique to obtain
the unknown dynamic system, and a single-critic NN is structured to solve the HJI equa-
tion. The event-based Hy controller is designed to ensure that the state of the system is
sampled only at the triggering instant. Furthermore, the triggering condition guarantees
the dynamic system state and the critic weight are uniformly ultimately bounded. Two
examples are used to verify the feasibility of the algorithm. However, with the complexity
and nonlinearity of the system, this algorithm is not enough to solve systems with model-
free or parameter uncertainties. Therefore, the direction of future research is how to solve
the above problem.
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