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Abstract—In this paper, a data-based fault tolerant control
(FTC) scheme is investigated for unknown continuous-time (CT)
affine nonlinear systems with actuator faults. First, a neural
network (NN) identifier based on particle swarm optimization
(PSO) is constructed to model the unknown system dynamics. By
utilizing the estimated system states, the particle swarm optimized
critic neural network (PSOCNN) is employed to solve the
Hamilton-Jacobi-Bellman equation (HJBE) more efficiently.
Then, a data-based FTC scheme, which consists of the NN
identifier and the fault compensator, is proposed to achieve
actuator fault tolerance. The stability of the closed-loop system
under actuator faults is guaranteed by the Lyapunov stability
theorem. Finally, simulations are provided to demonstrate the
effectiveness of the developed method.

Index Terms—Adaptive dynamic programming (ADP), critic
neural network, data-based, fault tolerant control (FTC), particle
swarm optimization (PSO).

NOMENCLATURE
Amax(+) Maximum eigenvalue of a matrix
Amin(*) Minimum eigenvalue of a matrix

R Set of all real numbers

R™ Space of all real m-vectors
R Space of all n X m real matrices
VJ(x) Partial derivative of J(x) w.r.t. x
2 Equal by definition

K] 2-norm of the vector s € R
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[Iwl| Frobenius-norm of the matrix w € R™"
I, Identity matrix of dimension nxn

I. INTRODUCTION

ODERN complex control systems always require
Moptimal control but ensuring closed-loop stability is a
difficult task, as accurate dynamics are hardly modelled.
Traditional optimal control theory built upon dynamic
programming and Pontryagin’s maximum principle finds the
optimal objective by optimizing self-defined cost functions.
However, those methodologies operate off-line and require
availability of equations describing the system in advance [1].
Adaptive dynamic programming (ADP) [2]-[5] is an
approximate optimal control approach emerging in the field of
intelligent control. Similar to reinforcement learning (RL)
[6]-[9], ADP uses two main algorithms named policy iteration
(PD) [10], [11] and value iteration (VI) [12] to achieve policy
evaluation and policy improvement iteratively. ADP aims at
adaptively learning the optimal control strategy by
constructing a critic neural network (NN) approximating the
solution of the Hamilton-Jacobi-Bellman equation (HJBE)
[13]. Based on the NN approximator, the optimal control is
obtained forward-in-time and the ‘curse of dimensionality' is
conquered [14]. ADP is a well-known advanced and effective
method for optimal control in both the theoretical research and
real-world applications [15]-[18]. Extensive efforts have been
dedicated to developing ADP approaches for nonlinear
systems.

In real systems, it is unavoidable to experience faults in
actuators, sensors, or other system parts [19], [20]. In
particular, actuator faults would cause severe damages as
faults cannot be accommodated by a pre-designed controller.
In order to solve this problem and integrate fault tolerance
ability at actuator level, robust control strategies should be
considered at the control design phase [21].

There are some ADP-based control algorithms that consider
both optimization and fault tolerant abilities. In [22], a fault
tolerant control (FTC) algorithm based on PI was developed
for nonlinear systems. The solution of the HIBE was achieved
by using the NN approximation. In order to solve the actuator
fault problem, a fault compensator, which did not require fault
detection and isolation abilities, was designed, and the closed-
loop system with actuator faults was guaranteed to be stable.
Zhao et al. [23] developed an ADP-based actuator FTC
scheme by designing a fault observer for nonlinear systems.
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The key idea is that the FTC problem was regarded as an
optimization problem by considering the fault estimate in the
design of the loss function. Wu et al. [24] considered the
actuator failure in the tracking control task and developed an
optimal adaptive compensation control based on the
estimation of actuator failure coefficients. These studies
require the availability of system equations. The topic on FTC
for discrete-time systems with unknown dynamics has
attracted considerable attention [25]-[27]. The RL-based
adaptive tracking FTC was studied for MIMO (multi-input
and multi-output) discrete-time systems in [25] and [26].
Based on the actor-critic NN structure, systems affected by
abrupt faults at actuator level could be maintained stable. The
proposed strategy [25] required a lower computational load
and fewer learning parameters as it estimated the Euclidean
norm of unknown weights of NNs instead of updating the NN
weights directly. A model-free FTC strategy was proposed in
[27] for single-input single-output systems. The original
system is transformed into a model-free data form. By
designing an NN approximator to learn the sensor fault, the
FTC strategy is reconstructed based on the optimality
criterion. For ADP-based FTC of unknown continuous-time
(CT) systems, Zhang et al. [28] proposed a fuzzy FTC
strategy based on RL for systems whose dynamics was
partially unknown. They designed a new performance index
function which reflects four types of actuator failures. Then,
based on the constructed fuzzy-augmented dynamics, the
control policy which achieved the tracking goal and stabilized
the closed-loop system under actuator failures was obtained.
However, this methodology is applicable only to partially
unknown fuzzy systems. We finally comment that there are
few ADP-based FTC schemes for completely unknown CT
nonlinear systems.

As we know, the gradient-based critic NN (GDCNN)
methods are widely used to solve HIBEs in order to achieve
approximate optima. To train the critic NN with the gradient-
based (GD) learning algorithm, one starts with random initial
weights and updates them by moving along the direction of
gradient descent. It means that the GD algorithm provides a
tractable way for local hill climbing on the landscape of the
critic NN weight parameter space. However, when initialized
at a low hill in the parameter space, the GD algorithm may be
trapped by unsatisfactory local optimization, resulting in
inefficient HIBE solutions. One may avoid this problem by
training the critic NN more than one session or applying
specific prior knowledge to choose a good initial parameter. In
this paper, we propose a particle swarm optimization (PSO)
method to solve this problem.

PSO is a stochastic optimization algorithm where each
particle has a virtual position that represents a possible
solution to the optimization problem [29]-[31]. In the training
phase, a set of particles are initialized and evolve to search the
optimal solution associated with the particle characterized by
the best fitness value. PSO has multiple initial positions and
relies on the global heuristic search principle, which increases
the probability to avoid and even jump out of local optimums.
Recently, a better performance for NN based methods has
been achieved by integrating PSO into NNs. Martin et al. [32]

developed the PSO-trained NN to solve the electrical
impedance tomography problem. It was shown that the PSO-
trained NN converged faster compared to the GD algorithm.
Das et al [33] considered PSO-trained NNs in channel
equalization problems. The proposed equalizer performs
better than other NN-based equalizers in noisy conditions.
Chan et al. [34] presented a short-term traffic flow forecast
algorithm based on PSO and artificial NNs, which required
simple NNs and contained memory.

Motivated by the above analysis, this paper develops an
ADP approach based on PSO and NNs to achieve actuator
fault tolerance of unknown CT affine nonlinear systems. The
main contributions are:

1) The proposed data-based FTC algorithm deals with
completely unknown CT nonlinear systems, rather than
known or partially unknown systems (as in [23] and [28]).
Moreover, the dynamics of the unknown systems are
approximated by the PSO-trained nonlinear NN identifier
based on available measurements, and hence making the
method effective in real applications.

2) The HIBE is solved through the particle swarm
optimized critic NN (PSOCNN) instead of the general
GDCNN; in this way the HJBE is solved with a high
successful rate.

3) The presented data-based FTC strategy provides an
online fault tolerant control which is shown to be optimal.

The rest of this paper is organized as follows. In Section I,
the problem statement for faulty nonlinear CT systems is
presented. In Section III, an NN identifier is constructed to
estimate the system dynamics. Then, the data-based FTC
through the PSONNSs is developed based on the adaptive fault
estimation. In Section IV, two simulation examples are
provided to demonstrate the effectiveness of the proposed
method. Finally, Section V concludes the present paper.

II. PROBLEM STATEMENT

Consider the unknown CT affine nonlinear system with
actuator faults described by

x(0) = f(x(1)) + g(x(D)(u(x(1) + uy (1)) ©)
where x(f) € R" and u(x(t)) € R™ represent the state vector and
the control vector, respectively. The unknown terms f(-) and
g(+) are Lipschitz and differentiable in their arguments with
f(0)=0, and us(z) represents the unknown additive actuator
fault vector. Let the initial state be x(0) = xp.

Assumption 1: The actuator fault vector and its time-
derivative are unknown and norm-bounded as ||u f(t)” <1 < 00,
Hu f(t)” <02 < o0, where o1 and p; are two positive constants.

Remark 1: The possible actuator faults are stochastic and
may occur simultaneously. Assume that actuator faults do not
deteriorate rapidly over a period of time as they happen with
exponential behaviours, which destroy the system and prevent
any system recovery. In practice, it is reasonable to assume
the actuator fault vector uy and its time-derivative ity to be
norm-bounded by constants [23], [35], [36]. For instance, the
fault is associated with hardware aging. Therefore, it is
possible to change the control law in (1) to achieve the desired
system performance under the situation of actuator faults.
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The system (1) in fault free case can be described by the
corresponding nominal system

x(1) = f(x(®) + g(x(1))u(x(1)). 2
Since f and g are Lipschitz and differentiable, f+gu is
Lipschitz continuous on a set of Q c R”, and the nominal
system (2) is controllable.
Define the cost function for system (2) as

Ja) = [ U(x(@),u)de 3)

where U(x,u) = x” Qx+u’ Ru represents the utility function,
U(x,u) >0 for all x and u with U(0,0)=0, Q € R™" and
R c Rmxm.

If u € P(Q) is an admissible control [37], [38], where ¥ (Q)
denotes the set of admissible control actions, and (3) is
differentiable, then the infinitesimal version of (3) is the so-
called nonlinear Lyapunov equation

0= Ux,u) + (V@) (f(x) + g(x)u) C)
where VJ(x) denotes the partial derivative of J(x) w.r.t. x, i.e.,
0J(x)

Vix) = o
X
Define the Hamiltonian and the optimal cost function as

H(x,u, VJ(x)) = UCx,u) + (VI) (f0) +g(0u) — (5)

and
J (x@:g(g)jo U(x(7), u(r))dr (6)
respectively. Then
0= min H(x,u,VJ* 7
Jmin, (2, u, VJ*(x)) @)
aJ*(x)

where VJ*(x) = . If J*(x) exists and is differentiable,

the optimal control law can be expressed as

u(x) = —%R‘l gL (OVI*(x). (®)

Generally, for the known fault-free system (2), the HIBE (7)
can be solved by using the ADP framework. However, the
main purpose of this paper is to obtain the ADP-based FTC
policy which guarantees the stability of the unknown system
under actuator faults, and improves the success rate of solving
the HIBEs by employing the PSOCNN method.

III. DATA-BASED FAULT TOLERANT CONTROL METHODOLOGY
BASED ON PSONNS

A. Particle Swarm Optimization

In PSO, the jth individual solution is a particle represented
as vector X;=(X;1,Xp,...,Xjq), where j=12,.. . k.
Particles have fitness values; velocity V; =(V;,Vj1,...,Vjq)
directs particles over iteration time. Each particle moves
through the problem space with two optimal positions
determined by the fitness values. One position is the previous
best position P; = (P;1,Pj1,...,Pjq), and the other is the best
of all the best positions among k particles P,. Based on the
former velocity and position P; and P,, each particle updates
iteratively as
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Vj:ij+c1r1(Pj—Xj)+c2r2(Pg—Xj) (9)
Xj = Xj + Vj (10)
where r|, 1y, c1, ¢; and w are candidate parameters [29], [30].

Generally, r| and r, are chosen randomly in the interval (0, 1),
c1,¢2 > 1, and w updates as

(11)

where y < ymax denotes the step of the iteration process and
Ymax 1S the maximum step. wpin and wmax are the minimum
and maximum values of w, respectively.

According to [39], if the parameters w, cj, and c; satisfy
proper conditions, the particle will converge to the best
position.

Lemma 1: Given w,cy,cy >0, if iterative process {DX;} is
guaranteed to converge and f(1) < c%(l +w)/6, then iterative
process {P;(¢)} will converge to P, with probability 1 [39].

Y
W = Wpin + —— (Wmax — Wmin)
Ymax

B. Optimal Control via PSONNs

In this subsection, an NN identifier is constructed by using
the measured input-output data to learn the dynamics of the
unknown nonlinear CT systems. Then, the PSOCNN is
employed to solve the HIBE, and the optimal control strategy
is presented.

1) Neural Network Identification: According to [40]-[42],
system (2) can be represented accurately by the NN identifier
as

X =Ax+wioiwl ) +& (12)
where z = [x”,u”]" € R denotes the input vector of a three-
layer NN with [, neurons in the hidden layer. A is a known
Hurwitz matrix. wi € R and w, € R#*" are ideal weight
matrices for the input-to-hidden layer, and the hidden-to-
output layer, respectively. o;(-) = tanh(-) € R is the activation
function, & € R” is the functional approximation error.

For simplicity, wy is always set to be a constant matrix, and
hence only w» is required to be learned. Therefore, the output
of the NN identifier can be described as

X =A% +W oi(w] 2) (13)
where # is the current estimate for system states, 2 = [£7,u”]7,
and W, is the estimate of wy. Define s:wsz and §= wlTi;
from (12) and (13), the differential equation of identification
error becomes

(1) = AX(t) + W) 0i(8) + W (07i(5) — 074(8)) + &;. (14)
Remark 2: Initialize k particles for the desired NN identifier
weight matrix W, which is updated iteratively by the PSO
algorithm. The iterative process w, will converge to the ideal
we)ightlmatrix wy according to Lemma 1, i.e., Prob(lim;_,o, W =
wy) = 1.

Before presenting the uniform ultimate boundedness (UUB)
of state identification errors X, we give the following
reasonable assumptions, which have been used in [43]-[46].

Assumption 2: The ideal weight matrices of the identifier
NN are norm-bounded as ||wi|| <61, and ||wy|| < 2, where §;
and 9, are positive constants.

Assumption 3: The functional approximation error &; is
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upper-bounded by &7.& <% %, and the NN activation
function o(3) is upper-bounded by [loi(§)|l < Ay, Where A,
and A, are two positive constants.

Theorem 1: Consider the unknown CT affine nonlinear
system in fault free case (2), Assumptions 2 and 3, and
Lemma 1, the identification error X is UUB if the NN weights
of the identifier are updated by the developed PSO equations
(9) and (10).

Proof: Choose the Lyapunov function candidate as

L=z
By taking the time derivative of L;(#), we obtain
L) = iz
Based on (14) and (15), we have that
Li(0) = 3" A5+ 3wy (0i(s) ~ 0i(8))

+X w20',(s)+x &,

(15)

Similar to [41], [47], for any y; >y, and yi,y2 €R, there
exists a constant Ay > 0 such that

ai(y1) = oi(y2) < K1 —y2). (16)
According to (16) and Assumption 2, we can obtain
1 1
Twl(oi(s) - i) < 5chwg waT+ 2 (0i(s) - oi(8)"
X (oi(s) = oi($))
1 1
< Exngwzm E/lélls - 317
1 1
< Eagfim Eagafx%. (17)

According to [48], let W, be norm-bounded by a positive
constant 83, such that ||| < d3. Based on Assumption 3, we
have

1 1
H iy oi(8) < S & &+ 53 (i) Ti(§)Wa
1 1
< E;‘T“ 513;[_53. (18)
Based on (17), (18) and Assumption 3, we have
T 1o looor. 1.r.
i< Ax+ = 62x X+ /1051x F+-%'x
2 2 2
1 1 1
+ A2+ A 7 R4+ 7 R

270173 7 ) 2
1
= (A+= (2+1252+A&+5§)1 )x+ ~ 1553
=-i'@x+=

where [, represents the n-dimensional identity matrix and

1 282 2 2
O=—(A+ 5@+ 507 + g, +83+ A 63)1y)

—_ 1 2 2

== E/lo'ié-?)'

Then, we have
Li(t) € = Admin(@)||F* + E (19)

where Apin(-) denotes the minimum eigenvalue of a matrix.

Thus, we can observe that L,(r) < 0 whenever %(¢) lies outside
the compact set

Qr={%:%< |——1. 20
* { /lmin(®)} ( )

According to Lyapunov theory, we obtain that the system
state estimation error is UUB. [ ]

It follows that the NN identifier is described as

%= () +g(®Du=Ax+Wwl ().

2y
By taking the partial derivative of (21) with respect to u, we
can obtain the estimated input gain matrix as

NAZ+WEa(8))
ou

=W Vo(§)w 1[ am

8(%) =
(22)

Therefore, with a well trained NN identifier, the estimated
system state equation % in (21) and control matrix g(%) in (22)
can be derived. It follows that it is feasible to develop a data-
based optimal control strategy built upon the ADP method,
that can be applied to the FTC of unknown nonlinear CT
systems.

2) Implementation Process: As we know, the key point to
obtain the optimal control strategy is to solve the HIBE (7).
Under the ADP framework, a critic NN is constructed to
approximate the solution of (7). In order to obtain the well-
trained critic NN which can approximate the solution of the
HIBE, in this subsection, we develop the PSOCNN to solve
the HJBE instead of the GDCNN. Based on the NN identifier
(21), J*(x) can be reconstructed by a critic NN with a single
layer as

T(®) = weoe(®) +&3) (23)
where w. € R! is the ideal weight matrix, o.(X) € R! is the
activation function, / represents the number of neurons in the
hidden layer, and £.(%) is the approximation error. Taking the
partial gradient of both sides of (23), one has

VI (@) = (Voo(®) we + VE().
Based on (21) and (24), (4) becomes

24

0= UEu)+(w! Vo (®) + (VE®)")
X (AX+W, a',(wlT ).

Similar to [49], w., 0(X), (%) and its partial derivative
V&, (%) are assumed to be norm-bounded on a compact set Q.
By estimating the ideal NN weight matrix with w,, the critic
NN is approximated as

J(&) = wlo(3). (25)
Then, its partial derivative is
VI®) = (Vo (2) We. (26)
Substituting (22) and (24) into (8), we have
LN 1 —1 A A a a
W'(%)=-5R" & ®((Voe®) we +VE®).  27)

Since VJ*(X) is approximated by (26), the optimal control
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can be approximated as

JOR | RN T
a(®) = =R @D((Vore(®) . (28)

Consider (27) and the NN identifier (21) and (22), the
Hamiltonian (5) becomes

H(%,w.) =1 Q%+ }LwZ Vo (@R H'RR™' T (%)
X (Voo () we +w! Vo (R)(Az+ W] 0i(57))
—(VE®) (Ax+W]oi(5)
~ (Ve @) 2 OR T OVE)
=T QR +w! Vo (R)(A%+ W] 0y(5"))
+ %wl Vo RRAR G @D(Voe(R) we = ecn
=0 (29)
where

ecnt = ~(Vé(R) (Af+1] 0(5")
1 T A s o o] AT /o .
~ 1 (V&) DR G (HVE)
denotes the residual error with §* = wlT[ch,u*T]. Assume that
there exists a positive constant A, such that |lecqll < Ac -

Combining (26) and (28) with (29), the approximate
Hamiltonian is derived as

1
H( W) = 2T 0%+ ZTTCDT +TAZ+ W oi(5)) 2 e (30)

where @ = g(H)R™ 187 (%), T = W Vo (%),and 5* = wlT[ch,ﬁT]T.
From (29) and (30), we can derive

ec = ect =W Vo (AR + W] 0 (5"))
1. . T -
_ ZWCTVO'C(X)‘D(VU'c(x))TWC'

Then, the cost function E. = %e{ec should be minimized
[50]. In order to improve the success rate of solving the HIBE,
in this paper, we use the PSO algorithm to train the critic NN.

By using the PSO algorithm, the critic NN weights are
regarded as a particle. The fitness function of the particle is
defined as [51]

1
fitness. = exp (—EEC). 3D

In this sense, with a set of particles update according to (9)
and (10) iteratively, the objective is to find the current fitness
value which is close to 1. Moreover, according to Lemma 1,
we will converge to w, with probability 1 after sufficient
iterations.

Remark 3: In the proposed PSOCNN, the critic NN is
trained by the PSO algorithm. PSO has the probabilistic
mechanism. It searches for the ideal weights of the critic NN
towards global optimum by means of mutual guidance. PSO
has shown to be effective in solving complex optimization
tasks. Based on PSO, the critic NN has a high probability to
converge to the approximate optimum which can accurately
approximate the HIBE solution. It is worth pointing out that
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since a large population of initial weight vector is chosen in
PSO algorithm, this paper focuses on improving the success
rate of solving HJBEs in contrast to using gradient-based
learning algorithm. That is to say, the PSO increases the rate
to universal optimization, but is still a local optimization.
Furthermore, in the learning phase, GDCNN has to compute
the partial gradient of the cost function when updating the NN
weight vector in each iteration. By contrast, the weight vector
of PSOCNN is updated by (9) and (10) which requires simple
computation, thereby reducing the computation cost and time.

Remark 4: The particle velocity V and the inertia weight w
of PSOCNN have the main impact on the results as they
determine the search area and speed of particles. If V is too
large, i.e., particles fly too fast, they may pass good solution
of Hamiltonian. In contrast, the search area of particles is
limited and it is difficult for particles to jump out of low hills.
The inertia weight w provides a tradeoff between the global
and local search. It achieves better performance when
choosing a decreasing w.

C. Data-based Fault Tolerant Control Based on PSONNs and
Stability Analysis

Based on the analysis in Subsection III-B, the unknown
system with actuator faults is further considered in this
subsection. The data-based FTC is established to overcome
the impact of faults on the system performance. The stability
analysis of the faulty closed-loop system under the proposed
strategy is provided as well.

1) Data-based FTC for Actuator Faults: According to [22],
the time derivative of the cost function is biased due to
unknown actuator faults. It implies that the obtained
approximate optimal control # (28) derived under the fault-
free system cannot guarantee the stability of the closed-loop
system. Let u, =i, according to (1), (21) and (22), the
unknown system with actuator faults should be rewritten as

X = f(R)+8(R)(up +uy). (32)

Theorem 2: Consider the unknown CT affine nonlinear
system with actuator faults (1), the NN identifier (13) and the
cost function (3), the closed-loop of the unknown system (1)

can be guaranteed to be UUB with the data-based FTC law u
as

u=u,—iy (33)
where
iy =TQuIR-3Tg(%)" (34)
represents the estimated actuator fault, and " is a positive
learning rate.
Proof: Choose Lyapunov function candidate as
1 1
Ly(t) = EchfH J(®)+ ﬁaﬁﬁf (35)

where iy = uy —iiy is the fault estimation error.
Combining (7), (8), (21) with (22), one can obtain
(VI®) 8(%) = -2(un(®) R (36)

and
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(VI®) (F®)+8@un) = =8 Q% —uy Ruy.  (37)
Substituting (32), (36) and (37) into the time derivative of
(35), we have

Ir= %(uf —bp) i+ T2+ (VIR) £
1 .
= iy - ap) i+ 2 (FR) + gty +up —ity))
+(VI@) (FR) + Rt + 1y —tip))
= &7 (&) + &7 2@y + (2 + (V@) )g @)ty - up)
1

T e [ AT -
—xTQx—uZRun+l:u;uf—l:u;uf. (38)

As f(%) is Lipchitz, there exists a positive constant p such
that ||f(X)|] < pl|IZ]l. Suppose that the partial derivative of the
active function in the identifier is upper-bounded by a
constant ¢, i.e., |[Vo;(§)|| < ¢. Thus, based on the Assumption
2, we can derive that ||g(®)|| < |#5102]. Then, without loss of
generality, the fault estimation error iy is supposed to be
upper-bounded by a small positive constant ¢, i.e., |lif]| <&
[35], [36].

Based on the above analysis and assumptions, we can derive

) P I |
L < plI2I* + Enxn2 + 5¢26%6§||un||2
— Anin (DN = Anin (Rl 14>
1 1.
2 2 AT A/ n AT ~
* 5p0* 5pE (2T8(®) -2ul R+ fuf)uf. (39)

Substituting (34) into (39) and by simple transformation, it
becomes

, 1
Iy < —(Amin(Q)—p— E)chu2

1 1
= (min(R) = 5§10 uall* + S (@3 +8%). (40)

1 1
Let Aj=Amin(Q)—p—= A= Amin(R)— §¢26%62, and

2
1
A3 = ﬁ(gg + &%) then (40) can be rewritten as

Ly < —AIRIP = Aalluall® + As.
Thus, we can derive that L, < 0 for any x # 0 if

1
Amin(Q) = p+ E
1
Amin(R) > §¢25§a§

holds whenever % lies outside the compact set

A
ng{fc: 1] < ,/A—?}.

It implies the state trajectories of the closed-loop system
with additive actuator faults can be guaranteed to be UUB
through the developed data-based FTC law (33). [ |

2) Data-based FTC Algorithm Based on PSONNs: Based on
the NN identifier, PSOCNN and the FTC law (33), the data-
based FTC strategy for unknown CT affine nonlinear systems
with actuator faults is summarized in Algorithm 1.

The structural diagram of the data-based FTC based on
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PSONNS is depicted in Fig. 1.

Algorithm 1 Data-based FTC Algorithm Based on PSONNs

Step 1: Initialization

Initialize k particles and parameters of PSO.
Let the initial iteration index be i = 0.

Give a small positive real number e.

Start with N initial iterative value functions J¢,J9,....J%, and

0 0
55 Uy,

Step 2: Neural network identification

Compute the estimates for system states £ and control matrix (%)
according to (21) and (22). Keep the converged weight matrices of
the identifier.

Step 3: Particle update

Update the particles following the standard PSO procedure,
equations (9)—(11).

Step 4: Policy evaluation

By using the estimated system states, compute the iterative value
functions Ji*1(%), which satisfies the nonlinear Lyapunov equation

control laws u?,u

0= Uu)+(VIF @) %
with VJ;'.*l(fc) =0,j=1,2,....N.
Step 5: Policy implement
Based on the estimated g(%), update the control laws as

W (%) = %R-‘ TRV (B).
Step 6: Fault estimation
Estimate the actuator fault vector by
ir =TQuIR-5"3®)".
Step 7: Fault compensation
Compensate the faulty actuator by the data-based FTC law as
u=u, iy
Step 8: PSOCNN stopping criterion
If ||J§.+l (&) - J;(fc)ll <e, the HIBE is solved successfully and the

optimal control law u;.*l(fc) is obtained; else, i =i+ 1 and go to Step 3.

IV. SIMULATION STUDIES
In this section, simulations of two examples are provided to
show the effectiveness of the proposed data-based FTC
strategy based on PSONNSs.
Example 1: Consider the following CT affine nonlinear
system

. =0.5x; +xo(1 + O.ng)
X =
—0.8(x1 +x2) +0.5x2(1-0.3x3)
where x =[x1,x]7 € R? and u€R are the state and control

input variables, respectively. uy € R represents the unknown
additive actuator fault. In the simulation, let us be

] N [_8‘ 5] Wty (41)

0, 0<t<5
= t
ur {8005(2—), 5<t<20.
b

Since the nonlinear system is unknown, an NN identifier of
3-8-2 structure is built to estimate the unknown system
dynamics. In order to simplify the training process of the NN

(42)
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A 7/
J(x) /
R Critic network |«
%
K
+ — A
>0 i |
T k
A
u;
Eq. (34)
7 Fault
’
A/ A A
Control volicy L utu, | NN * s
_| Control policy Actuator » identifier s
Fig. 1.  The structural diagram of data-based FTC based on PSONNs.

identifier, the NN weight matrix between the input layer and
the hidden layer w; keeps constant randomly chosen within
the interval [-0.5,0.5]. The NN weight matrix w; is initialized
as particles with population of 20, the fitness function of each
particle is defined as fitness; = exp(—)”chc). Other parameters
of the PSO algorithm are chosen the same as in [29]. The
identification errors are shown in Fig. 2. It implies the NN
identifier learns unknown nonlinear system dynamics
successfully.

0.4 T T T T T T T T T

)

S

|
0.2

The identification errors

7048 1 1 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80 90 100

Time (s)

Fig. 2. Identification errors of Example 1.

Furthermore, the critic NN is trained by the PSO algorithm.
The critic NN weights are initialized as particles, whose
fitness functions are defined as in (31). The PSO parameters
and initial conditions are listed in Table . The activation
function of the critic NN is chosen as o.(x) = [x%,xlxz,x%,
x‘ll,xgxz,x%xg,xlx;,x‘z*]. Let Q=2I;, R=1, =40 and the
initial state of system (42) be xp = [0.5,-0.5]7. Fig. 3 shows
the system states under the nominal optimal control law (28)
based on PSOCNN. It illustrates that the nominal optimal
control law (28) can drive the system states converge to a
small region of zero within the first 5s. However, when the
actuator fault occurs at time 7 = 5 s, the system states are away

from equilibriums, which implies that the actuator fault causes
the systems unstable. Fig. 4 displays the trajectory of the
actuator fault estimated by (34). It can be seen that the
estimated fault trajectory can follow the actual one accurately.
Fig. 5 illustrates that the converged system trajectories of the
faulty system under the data-based FTC law (33). It implies
that the data-based FTC law can guarantee the stability of the
closed-loop system with the actuator fault (42) since the fault
is estimated and compensated successfully. Fig. 6 shows the
control input curve. We can observe that the control input
presents a change against the actuator fault after the fault
occurs, and an acceptable control performance is achieved.

TABLEI

COMPARISON OF THE SUCCESS RATE OF SOLVING THE HIBE
BETWEEN THE PSOCNN AND GDCNN

Critic NN Success rate of 100 trails
training Parameters
algorithm Example 1  Example 2
c1=2,c=2
rl,r2e[0,1],
PSO ) k=20
equations _
PSOCNN (9) and (10) Wmax = 0.9 89% 90%
Wmin = 0.4
Ymax = 1000
BP a1 =0.01
GDCNN v, = —a Vo ()i 31% 57%
aen =02

“D

Example 2: Consider the inverted pendulum system whose
dynamics is expressed as

S H i

Z sin(xp) — k€xp vl
where x = [x1,x]7 €R? and u€R are the state and control
input variables, respectively. Let k = 0.2 and g = 9.8 m/s” be
the frictional factor and the gravitation acceleration,
respectively. m = 1/2 and ¢ = 1/3 are the mass and the length
of the pendulum bar, respectively. uy is the additive actuator
fault chosen as

(u+uy) (43)
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System states
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Fig. 3. System states without fault compensation of Example 1.
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Fig. 4.  Online fault estimation of Example 1.
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Fig. 5. The state trajectories under the fault compensation strategy of
Example 1.

0, 0<r<20

= t
uf 2+55in(2—), 20 < 1 < 60. (44)
JT

The PSO trained identifier NN is built with structure of

5-8—4. The activation function of the critic NN is chosen as

=
Q.
g
E
=
(=}
@)
710 1 1 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14 16 18 20
Time (s)
Fig. 6.  The control input curve of Example 1.

o(x)= [x%,x] xz,xg]. Let the initial state vector of the system
(44) be [1,-1]. The fitness functions and PSO parameters are
chosen the same as Example 1. Fig. 7 depicts the converged
identification errors. It is obvious that the nonlinear system
(44) is well approximated by the NN identifier. Fig. 8 shows
that the system states of the system (44) converge to the
equilibrium zero but deviate when the actuator fault occurs at
t=20s. It implies that the nominal optimal control law (28)
can only guarantee the fault-free system stable. Fig. 9 shows
that the actuator fault is well estimated by (34). The system
trajectories under the data-based FTC law are given in Fig. 10.
It implies that the data-based FTC algorithm can guarantee the
stability of the closed-loop system with actuator faults. Fig. 11
shows that the control input changes adaptively against the
actuator fault after the fault occurs. These simulation results
verify the validity and applicability of the proposed method.

1.0 T T T T T T T T T

0.5

The identification errors

-1.0

~15 | | | | | | | | |
0 10 20 30 40 50 60 70 8 90 100

Time (s)

Fig. 7. Identification errors of Example 2.

In order to demonstrate the efficiency of the proposed
PSOCNN, we have 100 trails and calculate the success rate of
solving the HIBEs with both PSOCNN and GDCNN for two
examples. For comparison, both PSOCNN and GDCNN
employ same critic NNs with same initial values and
parameters. With the GDCNN, the critic NN weights are



962

8

s

£

8

ES

wn

— l 45 1 1 1 1 1
0 10 20 30 40 50 60
Time (s)

Fig. 8.  System states without fault compensation of Example 2.
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Fig. 9.  Online fault estimation of Example 2.
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Fig. 10.
Example 2.

The state trajectories under the fault compensation strategy of

tuned according to the formula (41) [44]. Through
simulations, the learning rates of two examples are chosen as
0.01 and 0.2, respectively. The comparison results are listed in
Table I. The statistical success rate shows that the HIBEs can
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Control input

0 10 20 30 40 50 60
Time (s)

Fig. 1.  The control input curve of Example 2.

be solved with a higher probability with the PSOCNN
compared to the general GDCNN, which implies that the
PSOCNN is better in producing a good solution for the HIBE
than that of GDCNN.

V. CONCLUSIONS

A data-based FTC algorithm exploiting PSONNSs is
developed for unknown CT affine nonlinear systems
characterized by actuator faults. By constructing a PSO-
trained NN identifier, the unknown system dynamics are
obtained. Then, the PSOCNN is proposed to approximate the
solution of the HIBE for the optimal control. In order to
tolerate actuator faults in unknown nonlinear systems, the
data-based FTC law is derived by an adaptive compensator.
Simulation results show that the proposed data-based FTC
algorithm can guarantee the stability of the closed-loop
systems with actuator faults. Furthermore, the PSOCNN is
better in producing a good solution for the HIBE than that of
GDCNN. To the best of our knowledge, the unknown system
should be modeled first to estimate the system states and the
control matrix before constructing the FTC scheme, which
means that the NN identifier is trained off-line and the
proposed control scheme cannot be used for non-affine
systems. In future work, we will focus on developing an
online PSOCNN-based FTC scheme for unknown non-affine
nonlinear systems.
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