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Abstract—In our previous research, an error-based switching control has already used for controlling nonlinear system.
However, the switching function is not work efficiently, because
it is difficult to obtain more information from error vector to
determine the stability of the control system. Hence unnecessary
switching to linear controller will be longer and more often
that causes the accuracy of the control system become poor. In
this paper, a new switching rule based on Lyapunov stability
theorem is proposed which is derived from the state dependent
parameter estimation (SDPE). Not only error but also one up to
p-th differential error will be available as the switching variable.
Thus the proposed control method is able to keep the stability
and improve the accuracy of the control system. A numerical
simulation reveal that the proposed control gives satisfactory
tracking and disturbances rejection performances. Experimental
results demonstrate its effectiveness.

nodes of nonlinear multi layers Parceptron neural network
(MLPNN) performed by gradient-descent-based learning algorithm [7], [8], [9]. In view of a nonlinear system is modeled under a quasi-linear autoregressive (quasi-ARX) model, nonlinear
nature is placed on to the coeﬃcients of the autoregressive
(AR) or autoregressive moving average (ARMA). If the system
is linear than SDPE will converge at the fixed value, whereas
if the system is nonlinear then SDPE is a variable that will
change at any time [10]. Because QARXNN prediction model
consists of two parts parameter. It is easy to design switchingbased control utilizing its parameters. Therefore, the controller
is comprised of a linear robust adaptive controller (LRAC), a
nonlinear robust adaptive controller (NRAC), and a switching
mechanism. NRAC controller is designed based on SDPE that
is the output of MLPNN, whereas LRAC is designed based on
linear part parameter estimator (LPE) with the LSE algorithm.
A switching control based on error convergence index uses
the error in the linear and nonlinear parts as switching variable.
It is diﬃcult to obtain a lot of information based on error
vector to determine the stability of nonlinear systems. It only
able to detect the condition of the system tends to be stable
or unstable by the next controller input. Thus unnecessary
switching to linear controller will be longer and more often
resulting poor controller performance. Therefore, in this paper,
a diﬀerent switching mechanism is proposed based on the
state of dynamics tracking error so that much information
can be obtained. The switching based on convergence index
of error is a function that uses the error space as variable,
whereas the proposed switching control uses the state space
of error dynamic. By using Lyapunov theorem, the stability
of the closed-loop system is derived based on the state of
dynamic tracking error resulting the switching mechanism can
work more eﬀective and eﬃcient. Moreover, the switching
formula use SDPE as switching variable make it easy to be
used because it is already available from prediction model.
By using the proposed switching law, the controller is
comprised of a linear robust adaptive controller (LRAC), a
nonlinear robust adaptive controller (NRAC), and a switching
mechanism. NRAC controller is designed based on both of
linear and nonlinear parts of SDPE, whereas LRAC is designed
by using only linear part parameter estimator. To begin,
a QARXNN model is used to identify a dynamic system
online. The network parameters are updated continuously

I. Introduction
Nonlinear system with the parameter always uncertain has
more than one stability region [1]. For those problems, with
only nonlinear controller cannot guarantee the bounded of the
input-output closed-loop control. To relax nonlinear control
and to guarantee bounded controller, two controllers are used
with switching mechanism. Thought, by using the linearization
technique, nonlinear system is linear to the input controller,
therefore the control law can be derived [2], [3], [4], [5],
[6]. With a diﬀerent approach of linearization technique, a
nonlinear system can also be expressed as a linear relationship
between nonlinear coeﬃcient and its input vector called as
quasi-linear ARX model. Thus the control law can be derived
by a simple linear inverse utilizing nonlinear coeﬃcient. In this
paper, the controller strategy under a quasi-linear ARX model
is used to control nonlinear system. Fortunately, quasi-linear
model is comprised with the two parts parameter of the linear
and nonlinear. It can be used to facilitate the controller design
based on the estimated parameter of the linear and nonlinear
parts combined with switching mechanism.
A quasi-ARX neural networks (QARXNN) model is a
nonlinear model. It can be simplified as a linear correlation
between the input vector and its nonlinear coeﬃcient. An
embedded system is a sub-system to give a coeﬃcient for
each element of the input vector. The coeﬃcient called as
state dependent parameter estimation (SDPE) that consists of
two parts: linear parameter and nonlinear parameter. The linear
parameter estimator (LPE) is performed by least square error
(LSE) algorithm, which is set as bias vector for the output
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in accordance with the sampling time. The trained network
weights of QARXNN is used to estimate SDPE by the next
regression input. With the estimated parameters of the linear
and nonlinear parts, the dynamics tracking error is derived.
The stability of the overall system is then verified by Lyapunov
theorem so that ultimately bounded tracking is accomplished.
The advantages of the use proposed controller as follows:
1) a simplified quasi-ARX neural network model presented
by state dependent parameter estimation (SDPE) is used to
derive the controller formulation to deal with its computational
complexity. 2) The control law can be derived easily from
model prediction based on linearization technique that the
system is linear to the input controller. The SDPE is used
to parameterize the input vector. Hence, the control law is
derived by utilizing the transformation by its linear inverse. 3)
Lyapunov-based switching control is performed to guarantee
the closed-loop stability using the state dependent parameter
(SDPE). It improve controller accuracy by reducing unnecessary switching to linear controller.

Fig. 1.

where Γ is the diagonal nonlinear operator with the identical
sigmoidal elements on hidden nodes and W = {W1 , W2 }. The
detail algorithm of the quasi-ARX neural network model can
be found in [7], [10], [12]. Fig. 1 shows a QARXNN model
with a MLPNN is an embedded system. In our main theoretical
result, the following assumption are made.
A1. The pairs of the input-output of training data are bounded.
A2. The coeﬃcients of the regression vector ℵ(ξ(t)) are
bounded.
A3. There exists optimal weights of the regression coeﬃcient
ℵ∗ (ξ(t)).

II. Quasi-ARX Neural Networks Model
Consider a single-input single-output (SISO) black-box time
invariant system, whose input-output relationship is described
by
y(t) =

g(ϕ(t))

(1)

where g(·) denotes a nonlinear function, y(t) ∈ R denotes the
system output and t = 1, 2, · · · denotes the sampling of time.
The quasi-linear ARX model is nonlinear model derived by
performing Taylor expansion series of nonlinear system. The
model predictor is made linear the input variable u(t) presented
as [7], [11]:
y(t) = ϕT (t)ℵ(ξ(t))

III. Control Strategy
A model in (2) is simplified and can be rewritten in the form
of the relationship between the input vector and its coeﬃcients
as follows:
y(t) =

(2)
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(5)

where ℵ̂(ξ(t)) = [â(1,t) · · · â(ny ,t) b̂(1,t) · · · b̂(nu ,t) ]T is the coeﬃcient
of the input vector called as SDPE. Define the tracking error
vector as follows:
E(t) =

(e(t), ė(t), ë(t), · · · , ė p−1 (t)),

e(t) =

y(t) − yd (t),
∂e(t)
= (e(t) − e(t − 1))/∆t,
∂t

ė(t) =

..
. ,
ė p−1 (t) = (e(t − p + 2) − e(t − p + 1))/∆t,

(6)

The tracking error vector is derived by using QARXNN
prediction model such as:

(3)

ė(t) =

where Ω = {W1 , W2 , θ} is the network parameters that consists
of the weights of the hidden layer W1 , the weights of output
layer W2 , and the bias vector of the output nodes θ. Nonlinear
part executed by MLPNN is described by
δ(ξ(t), W) = W2 ΓW1 (ξ(t)).

â(1,t) y(t − 1) + â(2,t) y(t − 2) +
â(ny ,t) y(t − ny ) + b̂(1,t) u(t − 1) +
b̂(2,t) u(t − 2) + b̂(nu ,t) u(t − nu ).

where ϕ(t) = [y(t − 1) · · · y(t − ny ) u(t − 1) · · · u(t − nu )]T and
ℵ(ξ(t)) = [a(1,t) · · · a(ny ,t) b(1,t) · · · b(nu ,t) ]T , ξ(t) = [y(t − 1) · · · y(t −
ny )u(t−2) · · · u(t−nu )ν(t)]T are the input vector, the coeﬃcients
of the input vector, and the the input of embedded system of
MLPNN, respectively. ν(t) is a virtual input and the reference
set point can be set as ν(t). ϕ(t) ∈ Rn=nu +ny where nu and ny
denote the orders of time delay in the input and the orders of
time delay in the output, respectively.
The SDPE consists of the linear parameters (LP) θ and
nonlinear parameter (NP) δ(ξ(t)). LP and NP are executed
using the least-squares error (LSE) algorithm and gradient
descent based MIMO-MLPNN, respectively. The SDPE is the
sum of LP and NP for the nonlinear robust adaptive controller
(NRAC) while for LRAC only LP is used.
ℵ(ξ(t), Ω) = δ(ξ(t)) + θ

A QARXNN with an embedded MIMO-MLPNN .

=
=

∂e(t)
= (e(t) − e(t − 1))/∆t,
∂t
((y(t) − yd (t)) − (y(t − 1) − yd (t − 1)))/∆t
(△y(t) − △yd (t))/∆t ≃ ẏ(t) − ẏd (t),

(7)

where the notation of △y(t) denotes y(t) − y(t − 1). The closedloop system of the tracking error vector dynamics is described

(4)
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robust control and χ(t) = 0 denotes linear robust control. By
(12) and (14), we define a controller estimation error as

as:
ẏ p (t) −

ẏ p (t) =

ẏdp (t)

ẏdp (t)

+ K E(t)

ė p

=
=

−k p ė p−1 (t) − k p−1 ė p−2 (t) − · · · − k1 e(t)
−k p ė p−1 (t) − k p−1 ė p−2 (t) − · · · − k1 e(t)

0

=

ė p + k p ė p−1 (t) + k p−1 ė p−2 (t) + · · · + k1 e(t)
(8)

T

(10)

(11)

where ℵ̂(ξ(t+d)) = [â(1,t+d) · · · â(ny ,t+d) b̂(1,t+d) · · · b̂(nu ,t+d) ]T is the
coeﬃcient of the input vector, ϕ(t + d) = [y(t + d − 1) y(t + d −
2) · · · y(t+d−ny )u(t+d−1)u(t+d−2) · · · u(t+d−nu )]T is the input
vector at d step ahead prediction, and ξ(t+d) = [y(t+d−1)y(t+
d−2) · · · y(t+d−ny )u(t+d−2)u(t+d−3) · · · u(t+d−nu −1)ν(t+d)]T
. For online step ahead prediction d is equal to one. From (11),
we have
1
u(t) =
(y(t + 1) + g(t + 1))
(12)
b̂1,t+1
g(t + 1) = −â(1,t+1) y(t) − â(2,t+1) y(t − 1)

χ(t)un + (1 − χ(t))ul (t).

b̂1,t+1
ĝ(t + 1) − g(t + 1))
1
(e(t + 1) + G)
b̂1,t+1

(15)

y(t + 1) − yd (t + 1) = b̂1,t+1 U(t) − G(t + 1)

ė(t + 1) =
=

e(t + 1) − e(t)
b̂1,t+1 U(t) − b̂1,t U(t − 1) − G(t + 1) + G(t)

ë(t + 1) =
=

ė(t + 1) − ė(t)
b̂1,t+1 U(t) − 2b̂1,t U(t − 1)
+b̂1,t−1 U(t − 2) − G(t + 1) + 2G(t) − G(t − 1)

ė3 (t + 1) =
=

ė2 (t + 1) − ė2 (t)
b̂1,t+1 U(t) − 3b̂1,t U(t − 1)

ė4 (t + 1) =

+3b̂1,t−1 U(t − 2) − b̂1,t−2 U(t − 3)
−G(t + 1) + 3G(t) − 3G(t − 1) + G(t − 2)
ė3 (t + 1) − ė3 (t)
b̂1,t+1 U(t) − 4b̂1,t U(t − 1)
+6b̂1,t−1 U(t − 2) − 4b̂1,t−2 U(t − 3)
(16)

Through (8) and (16), the dynamic tracking error can be stated
as follows:

(13)
Ė
where




A = 






B = 



(14)




U = 


where ul is a control signal calculated by linear robust control
by using linear part parameters of θ̂ and un is a control signal
by nonlinear robust control using nonlinear part parameters of
ℵ̂(·). χ(t) is a switching line which χ(t) = 1 denotes nonlinear
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(y(t + 1) − yd (t + 1) +

+b̂1,t−3 U(t − 4) − G(t + 1) + 4G(t)
−6G(t − 1) + 4G(t − 2) − G(t − 3)

where u(t) is a control signal corresponding to the networks
output of y(t) and u∗ (t) is the desired control signal which
correspond to yd (yd denotes the desired control output).
However, in cases of nonlinear systems, the parameters are
always uncertain that may cause instability to the system.
To maintain the accuracy of the closed-loop control and
stability, the switching line is used between the linear and
nonlinear parameters. SDPE can be divided by linear and
nonlinear parts, thus the control law can be defined as:
u(t) =

(yd (t + 1) + g(t + 1))

e(t + 1) =

=

− · · · − â(ny ,t+1) y(t − ny + 1) − b̂(2,t+1) u(t − 1)
− · · · − b̂(nu ,t+1) u(t − nu + 1)).

(y(t + 1) + ĝ(t + 1)) −

where U = u(·)−u∗ (·),G = ĝ(·)−g(·), ĝ(·) is calculated using the
output of prediction model. The error tracking can be obtained
by

If model in (2) is simplified with (5), satisfies the inputoutput mapping of the system, assumption A1.,A2. and A3.
are fulfilled, then the output at time (t + d) can be predicted.
Equation (2) is regressed at time (t + d) to calculate the output
at d step ahead prediction described as,
ϕT (t + d)ℵ̂(ξ(t + d))

b̂1,t+1
1

U(t) =

−â(ny ,t) y(t − ny ) − b̂(2,t) u(t − 2)

y(t + d) =

b̂1,t+1
1

=

where K = [k p , k p−1 · · · k1 ] ∈ R p , ki (i = 1, · · · , p) are positive
constants, yd is the reference input trajectory, and p is the
degree of tracking error derivative.
To derive the control signal, model in (5) can be rewritten
as
1
u(t − 1) =
(y(t) + g(t))
(9)
b̂1,t
g(t) = −â(1,t) y(t − 1) − â(2,t) y(t − 2)
−b̂(nu ,t) u(t − nu )).

1

u(t) − u∗ (t) =

789

0
..
.

1
..
.

0
0
−k p −k p−1
b̂1,t+1
b̂1,t+1
..
.

=

AE + BU + G.





 ,
0
1 
· · · −k1
0
0
−b̂1,t
0
..
..
.
.
···
..
.

(17)

0
..
.

c1 b̂1,t+3−p −c2 b̂1,t+2−p

U(t)

U(t − 1) 
 , and
···

U(t − p + 1)

···

0
0
..
.
(−1) p c p+1 b̂1,t+2−p





 ,
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G

=

















−G(t + 1)
−G(t + 1) + G(t)
..
.

Let S (γ) consist of all point such that ∥ E − Ee ∥≤ γ where
γ ≥ ε. The time derivative of Lyapunov function along any
trajectory is

−c1G(t + 3 − p) + · · · + (−1) p+1 c p+1G(t + 2 − p)
where A is a nonsingular
matrix, cn are binomial series
( )
p
p!
coeﬃcients such as
= r! (p−r)! , 0 ≤ r ≤ p.
r
By (8) and (17), we can calculate K such that the roots of
the characteristic equation (17) can be chosen strictly in such
a way that the poles lie in the left half of the complex plane.
This will ensure limt→∞ e(t) = 0. A minimum approximation
control error can be defined as
ε

= u∗ − u(E|ℵ∗ (·)).

1
1 T
Ė PE + E T PĖ.
2
2
1
=
(AE + B(U(E|ℵ(·)) − U(E|ℵ∗ (·)) − ε) + G)T PE +
2
1 T
E P(AE + B(U(E|ℵ(·)) − U(E|ℵ∗ (·)) − ε) + G)
2
1 T T
1
(E A PE + E T PAE) + (B(Ũ − ε) + G)T PE +
=
2
2
1 T
E P(B(Ũ − ε) + G)
2
1
1
= − (E T QE) + ((B(Ũ − ε) + G)T PE
2
2
+E T P(B(Ũ − ε) + G))
1
= − (E T QE) + (B(Ũ − ε) + G)T PE
2
1 T
= − (E QE) + (Ũ − ε)T BT PE + GT PE
(24)
2

V̇(t) =

(18)

The controller objective is to maintain stability and accuracy
of the closed-loop system by considering ε such that
ℵ∗ (·) = arg min [sup |U|],
ℵ(·)∈R E∈R

where ℵ∗ (·) is an optimal network weight that achieves the
minimum approximation error obtained through network learning. If the system dynamic in (17) is a bounded by (|U| < ε),
then there are will be a positive real number of ε. By
introducing ε in(17)
Ė

=

AE + B(U(E|ℵ(·)) − U(E|ℵ∗ (·)) − ε) + G.

where Ũ = U(E|ℵ(·)) − U(E|ℵ∗ (·)).
Theorem 2: Using prediction model of (2),control law given
in (14), by a positive constant ε such that

(19)

ρ

Consider a Lyapunov function stated as

then limt→∞ E(t) = 0, E(t) → 0 at t → ∞, the tracking error e
will converge to zero.
According the Lyapunov theory, by V̇(t) ≤ 0, it implies
that E is bounded by a positive constant ε that satisfies (25).
From the convergence analysis based on Lyapunov theorem,
the following can be conclude:

1 T
V(t) =
E PE
(20)
2
where P is a symmetric positive definite matrix. Since V(t)
was selected to be positive definite, V̇(t) has to be negative
semidefinite in order to make the system is uniformly stable.
Therefore, we require V̇(t) = −Ė T QE to be a negative
semidefinite that implies V(t) ≤ V(0). A negative semidefinite
matrix Q is stated as
Q

=

−(AT P + PA)

1) V̇(t) is actually total derivative of V(t) with respect to t
along solution of the system. By V̇(t) ≤ 0 implies V(t) is
decreasing function of t. By (25) with a positive constant
ε, the closed-loop error trajectory (20) is a definite positif
and non-increasing and by (19), Ė is also bounded. As a
result, the QARXNN based adaptive control is stable and
uniformly bounded. Therefore, limt→∞ E(t) = 0, E(t) →
0 at t → ∞, the tracking error of closed-loop system e
will converge to zero.
2) For linear robust control, A is a nonsingular matrix
then there exists one equilibrium state. Therefore V̇(t) ≤
− 12 (E T QE), ∀t, that implies limt→∞ E(t) = 0, E(t) → 0
at t → ∞, the tracking error of closed-loop system e will
converge to zero for all time.

(21)

Theorem 1: Suppose a dynamic tracking error is described by
Ė

=

f (E, t)

(22)

where f (0, t) = 0 for all t. If there exists scalar function V(E, t)
having continuous first partial derivative and satisfying the
condition:
1) V(E, t) is a positive definite
2) V̇(E, t) is a negative semidefinite,
then the equilibrium state at the origin is uniformly stable.
For the system of (19), an equilibrium state Ee is defined
as f (E, t) = 0, ∀t. For nonlinear systems, there are one or
more Ee . We denote a spherical region of radius r about an
equilibrium state as ∥ E − Ee ∥≤ r as the Euclidean norm
defined by
1

∥ E − Ee ∥= ((E1 − E1e )2 + · · · + (E p − E pe )2 ) 2 .
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1
≤ − (E T QE) + (Ũ − ε)T BT PE + GT PE, ρ ≤ 0 (25)
2

According Theorem 2:, a switching line is used to change
control action between linear part controller and nonlinear part
controller. The proposed model only with linear parameters has
to work until the use of nonlinear parameters does not damage
the stability of closed loop system. Therefore, the controller
with using linear parameters θ̂ will work all the time, but the
nonlinear parameters ℵ̂(ξ(t)) will work under the switching
sequence. The control law (14) works under the switching line

(23)
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1.5
Ref
Proposed controller
MVC−QARXNN

Amplitude

1
0.5
0
−0.5

0

50

Fig. 3.

y(t) =
−

as follows:
{

1, if ρ ≤ 0
0, otherwise

(26)

200
t

250

300

350

400

Output responses (under external disturbances)

0.9722y(t − 1) + 0.378u(t − 1) − 0.1295u(t − 2)
0.3103y(t − 1)u(t − 1) − 0.04228y2 (t − 2)

+
−

0.1663y(t − 2)u(t − 2) − 0.03259y2 (t − 1)y(t − 2)
0.3513y2 (t − 1)u(t − 2)

+
+

0.3084y(t − 1)y(t − 2)u(t − 2)
0.1087y(t − 2)u(t − 1)u(t − 2) + ω(t).

(27)

The reference input and the external disturbances ω(t) are
given by
{
1, 0 < t ≤ 200
yd (t) =
(28)
0, 200 < t ≤ 400

For the system (2), a nonlinear predictive controller based
QARXNN model contains a feedback controller, QARXNN
predictive model, and a switching mechanism shown by Fig. 2.
Here, the feedback controller is performed based on the
dynamics tracking error (19) with Lyapunov stability theorem
(20), (24). By using QARXNN prediction model with two
parameters of linear and nonlinear, two controllers also can
be obtained with switching mechanism of (12), (14),(25),and
(26). In the following, the design algorithm of the proposed
control law can be summarized as follows.

ω(t) =



0,



0.05,



 0.2,

0 < t ≤ 100
100 < t ≤ 300
300 < t ≤ 400

(29)

From the system model (27), an embedded system MLPNN
of QARXNN is constructed with three layer neural network.
The input vector of ϕ(t) is specified by ϕ(t) = [y(t − 1) y(t −
2) u(t − 1) u(t − 2)]T with nu = 2 and ny = 2, the number
of input nodes, hidden nodes, and output nodes is also the
same as n = nu + ny . Constant learning rate of BP algorithm
is selected by ηbp = 0.1 and gain of adaptive tracking control
based (on QARXNN
) model are given by: γ = 0.02, p = 2,
0.1 0
Q =
. To test the robust characteristics of the
0 0.1
proposed controller, this example is performed in which the
system is mixed with external disturbances. Fig. 3, Fig. 4,
Fig. 5, and Fig. 6 show the output responses, the control
signals, the tracking errors, and the switching sequences of
the proposed controller compared with our previous work of
minimum variance controller baased on QARXNN (MVCQARXNN). With the output response and error shown by
Fig. 3 and Fig. 5, it indicates that the proposed controller can
adapt the external disturbance mixed in nonlinear system. The
details of comparison are summarized in Table I. As can be
seen, the performance of the proposed controller is better than
those that can be obtained with the other controllers.
From the simulation results, Fig. 6 shows that the amount
of time switching to linear controller is less using the proposed
controller compared to the use of MVC-QARXNN that uses
the error-based switching control. It can be conclude that the
proposed switching technique is more eﬀective. The more time

Step 1.Identify the system under QARXNN model described
in Section 2.
Step 2.Find the estimated parameter of SDPE by using
simplified QARXNN prediction model
Step 3.By using SDPE, calculate dynamics tracking error
shown by dynamic matrix of A in (17); and by
introducing ε, find a new state of dynamics tracking
error in (19) to obtain stability region with specific ε
(ε ≤ γ).
Step 4.Check the stability of NRAC controller by satisfying
(25) and switching line of (26).
Step 5.Calculate controller signal using (12), two controller
can be obtained by using the linear and nonlinear
parts parameters of SDPE via switching mechanism
in (14),(25),and (26).
Step 6.Goto Step 1..

IV. Simulation Result
In this section, an illustrative example is provided to demonstrate the performance of the proposed controller.
Example: A nonlinear discrete-time dynamical system
mixed with external disturbances given by [13] and [14] is
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150

observed. The system model is stated as follows:

Fig. 2. Nonlinear adaptive predictive controller based on QARXNN prediction model. i = 1, · · · , ny , j = 1, · · · , nu

χ(t) =

100
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TABLE I
Simulation results of the control systems

1
0.5

Proposed controller
MVC−QARXNN

Controllers

Network
Parameters
Proposed Controller
36
SPC [14]
24
Fuzzy-based GPC [14]
24
MVC-QARXNN [11]
36
GPC [14]
0
* The results are listed in the original

u(t)

0
−0.5
−1
−1.5

0

50

100

150

Fig. 4.

200
t

250

300

350

400
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switch to nonlinear controller, the accuracy of the control
system will be increased as well. The use of MVC-QARXNNbased control switch to linear control longer and more often.
V. Discussion and Conclusion
This paper presents an adaptive controller based on
QARXNN. The emphasis that will discuss in this paper is
the improvement of the controller accuracy by reducing the
unnecessary switching to linear controller. First, the principles
of quasi-ARX prediction model is derived. The SDPE is
executed using an embedded system of MLPNN for nonlinear
part and using LSE algorithm for linear part. The linear
parameter estimation is then set as bias vector for output
nodes of MLPNN. Second, the tracking error of closed-loop
system is derived via SDPE, the stability analysis of closedloop system is performed using Lyapunov stability theory.
Third, the switching line between linear and nonlinear parts of
SDPE is conducted to guarantee boundedness and convergence
of error. The main contributions of this study are: (1) the
successful development of a quasi-ARX neural network based
adaptive control. It has two advantages, reducing unnecessary
switching to linear controller to improve accuracy and simplify
the switching formula by utilizing SDPE as switching variable.
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