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Abstract: This paper presents a new method for a comprehensive stabilization and backstepping
control system design for a class of stochastic nonlinear systems. These types of systems are so
abundant in practice that the control system designer must assume that random noise with a definite
probability distribution affects the dynamics and observations of state variables. Stochastic control
is intended to determine the time course of control variables so that the control target is achievable
even with minimal cost. Since the mathematical equations of stochastic nonlinear systems are not
always constant, not every model-based controller can be accurate. Therefore, in this paper, a type-3
fuzzy neural network is used to estimate the parameters of the backstepping control method. In the
simulation, the proposed method is compared with the Type-1 fuzzy and RBFN methods. Results
clearly show that the proposed method has a very good performance and can be used for any system
in this class.

Keywords: parameter estimation; stochastic systems; type-3 fuzzy neural network; backstepping
control method

MSC: 13P25

1. Introduction

The essence of most real and physical systems is nonlinear. This nonlinear dynamic
behaviour complicates control systems, especially when hysteresis phenomena are taken
into account [1-3]. In recent years, nonlinear systems have received a lot of attention and
many efforts have been made to stabilize them. One of the root causes of instability in
systems is related to their nonlinear nature (dynamics), to which the designer of the control
system must pay special attention [4-8]. Hence, innovative techniques in [9] are proposed
to achieve a systematic design procedure for these highly nonlinear systems, including
the backstepping design method. Due to the increasing complexity of the problem, these
systems are classified into the following three classes of systems: strict feedback systems,
pure feedback systems, and block strict feedback systems. In [10], using the backstepping
method, and in combination with the radial basis function neural network (RBEN), a
creative controller was designed for strict feedback nonlinear stochastic systems with
unknown dynamics. There is a so-called “explosion of complexity”, which complicates
the design and simulation by increasing the system rank. A very creative technique
called dynamic surface control (DSC) is suggested in [11], which can prevent disturbing
phenomena. Numerous studies [7-11] use this technique instead of using the backstepping
design method, in order to prevent the occurrence of the phenomenon of an “explosion
of complexity”, and they have proposed some methods to stabilize different forms of
nonlinear systems. Some of these studies will be reviewed in the following. In [12]. with
the development of a dynamic level control method using Gaussian networks, a controller
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for non-linear toxins in the form of strict feedback with desired indeterminacy is presented.
In [13], the problem of adaptive tracking control for a class of indeterminate strict single
input-single output with unknown path and control perturbations is investigated, and
the DSC design method is used to solve the “explosion of complexity” problem. In [14], a
creative controller is presented based on a combination of the dynamic surface control and
adaptive fuzzy sliding mode control method for a MEMS gyroscope. In [15], the dynamic
surface control, considering the saturation, is presented for the problem of safe entry into
the spacecraft terminal based on the spacecraft’s relative motion model and the potential
to prevent the collision of the sphere. Occurrence of failure in control systems can lead to
catastrophic accidents. Therefore, many efforts have been made to prevent the occurrence
of such accidents, and to deal with adverse effects on control systems. Malfunctions may
occur in various parts of a control system, from the attack of sensors, actuators, controllers,
communication lines, and so on. Among the topics of interest to researchers in recent years
is the occurrence of malfunctions in control system cells. Actuator failure means changing
the characteristic of the actuator from a linear state to a variety of nonlinear states, including
the actuator’s physical performance, its jamming, the dead-zone phenomenon, the residual
phenomenon in the actuator, and so on. In the following, studies will be reviewed that
have examined the occurrence of each of these types of defects in the actuators. In [16],
DSC has been used to avoid the “explosion of complexity” phenomenon in a conventional
backstepping method, and then, by introducing the Lyapunov integral function, they
provide a controller for pure feedback nonlinear systems with a dead-zone area. In [17], the
occurrence of variable failures in nonlinear systems has been investigated. They proposed
an adaptive synchronization sliding mode technique to solve the problems caused by
uncertain system parameters, actuator failure, and perturbations. In [18], the problem
of adaptive control for stochastic nonlinear systems with time delay and a dead-zone is
investigated. In the aforementioned paper, they used an adaptive control scheme based
on neural networks, DSC, and a minimum learning parameters algorithm. In order to
reduce the complexity of the calculations, a creative controller has also been proposed to
eliminate the adverse effect of time delay from the Lyapunov—Krasovskii function [19].
In [20], the adaptive tracking control technique has been investigated for a more general
class of systems with stochastic nonlinear time delay and with a dead area at input.

In [21], by combining the adaptive neural network and backstepping technologies, a
method for controlling a class of stochastic nonlinear systems that can consider uncertainty
and work in the operational situation of the system is proposed. Additionally, via the
combination of these two technologies, a control method for a class of strict-feedback
stochastic nonlinear systems is presented in [22]. In this method, the input disturbances
are also considered. In [23], a comparative adaptive neural controller has been used to
design a decentralized Hoo controller. Each of the subsystems of this proposed design are
designed using the backstepping and Lyapanov methods. Recently, type-2 and-3 fuzzy
systems have played a huge role in controlling the system and, as such, are proposed for a
class of uncertain nonlinear systems. [24].

The innovations of this article are as follows:

1-  Using the combination of a type-3 fuzzy neural network and a backstepping control
method for the first time.

2-  Applying actuator failure to stochastic nonlinear system in a new way.

3-  Ensuring the stability of the control system analytically.

The structure of the article is such that the problem is explained first. Then, the
specifications of type-3 fuzzy neural network are presented. The proposed control system is
described in detail below. In the simulation section, the performance of the control system
is evaluated. Finally. in the conclusion section, all of the research results are expressed.
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2. Statement of the Problem

Consider a nonlinear stochastic strict feedback system:

dx; = (g1%2 + f1)dt + P1dy,

dx; = (gixiv1 + fi)dt + pidy,
: b < gi <bwm, x =[x, x0,...,%:]", 1<i<n (1)

dx, = (gnu —I—fﬂdt + Pudip,

y=x1,
u(t) = pov(t) —d[ol(t),

where ¢ is the standard two-dimensional external motions defined on the probability space
(), E P) with Q) as the sample space, F as a filtration, P as a criterion Probability, and
smoothly unknown functions such as below:

fi(-),gi(-) : REx RY = R, 9F : R x Rt — R, 2)

where
£(0) =0, 9/ (0) =0 3)

It should be noted that in (1), u is the control input or the output of the actuator,
which can be exposed to many nonlinear variations, including residuals in the actuator.
In conducting this research, and in each step of the stability analysis procedure, a series
of definitions, concepts, and lemma will be used, which will be briefly explained as we
continue. Consider the following stochastic system:

dx = f(x,t)dt + h(x, )dyp, x = [x1,%2,..., %] € R" 4)
where x is vector of system state. The following factions are locally Lipchitz functions;
f:R"xRY = R", h: R" x Rt — R, £(0,t), h(0,t) =0,Vt >0 ®)
Definition 1. For each function as follows:

V(x,t)e C>(R" x R*,RT) (6)
Related to relation (4), the differential actuator L is defined as:

_0du | 0V 1 7070

The last term of (7) is called an Ito correction. The second order derivative 32722’ is the main
challenge for the control system designer and the difference between stochastic and deterministic
systems is determined in this phrase.

Lemma 1. Consider a stochastic system (4), and assume that f(x,t) and h(x, t) in their arguments
Cl, £(0,t), and h(0, t) are uniformly bounded in t. In the following functions:

V(x,t)e C*1(R" x R*,R"), p(-), pa(-)e Keo ®)
And there are the constants ag > 0, by > 0 such that:
1 (|x]) <o(x, t) < pa(|x|), LV < ago(x,t) + by 9)

Then the system (4) is bounded in probability.
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Lemma 2. An inequality will also be widely used during the design of the controller and to prove
its stability, hence, it is first described as an inequality.

< P4 Ly 1 1) =1 10
xy_;[x] +W[y},(iﬂ— J(g-1)= (10)

Optimal determination of values p and q is very important. Trial and error methods are
commonly used in articles. In this paper, for the first time, we calculate these parameters online
using a fuzzy system. This is one of the valuable innovations of this paper.

Lemma 3. For each continuous function:
f(x):R" =R, f(O):O,x:[xl,xz,....,xn}f (11)

with always positive functions

hi(x)R = R",j=1,2,...,n (12)

There is .
F)] < Y]] (x)) (13)

j=1

Executor actuator: analytically, suppose Cy, [0, tg] is a space of uniform continuous fragment
functions. For an input v(t), where v(t) € Cp[0, tg], the executable actuator is:

Fy[o;u_1](0) = fr(v(0),u—1) (14)
Fo;u1](t) = fr(o(t), filo;u1](t1)), ti <t <ti11, 0<i<N-—1

where,
f1(v,u) = max(v —r,min(v +r,u)) (15)

and,
O=ty<t <...<tny=tE (16)

Therefore, there is a fraction in interval [0, tg], such that the function v(t) on each of the
sub-intervals [t;, t; 1] is uniform.
Prandtl-Ishlinskii (PI) Waste: It is a nonlinear condition as follows:
R

u(t) = poo(t) = [ p(r)flol(t)er 17)

In which u(t) is the output of the actuator, v(t) the input signal to the actuator. p(r) is
the density function, and

R
po= [ p(r)ar (18)
is a constant that depends on the density function p(r).

3. Type-3 Fuzzy Neural Network

In this section, the type-3 fuzzy neural network structure (Figure 1) and calculations
are presented. The membership degree of type-3 fuzzy sets is calculated as follows:

2 2
T—c~ T—c~
< 5]T|'Xh> _ B < S]T“h) (19)

Ui (T)=exp| — ~
o, (T) = exp | == | Fig, =)
ST"Xh STlﬂh

(T) =exp
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2
_ <T‘C§’%I«h>
B3, (T) = exp 2
Sl

where, h =1, ... n]—12c

Sty

and lower standard divisions for S]T .

$E1

Pa

1

Ty
Pa,

Pay

Lo Ly Lo

'Egjﬂﬁh

(T) =exp| —

2
(T B CSN]}“h)

2 .

75]7"&}1

is the mean of MF &/ ‘txh, O E and o~

| =
R || &l

2 |

%)
e
1<) =
'%

1)
g

Ls Ly

Figure 1. The structure of the type-3 fuzzy neural network.

The calculation of upper rule firing at &}, are as follows:

—1
Pz, = K31 \ah}”slmﬂsl \ah’%h

-3 = - — *é
Pz, = VSH%”S%I@”Sl @, P,

—5 —
Pm, = M3 T\ﬂéh‘u51|"éhysl \ﬂh’q)“h
—7 T - - —
Pm, = ys%‘ah‘uS%Whyszl\Amh'q)Eh
The firing of upper rule at

71 _ = -

Pay = P10, H5h 10, #5311y Py —
3 = = = 4
Pay, = H5hlanHS3lan Syl Py =
i5 J—

(P ]/152

lay

ay, are as follows:

_ - —8 _
VS%MVSM%’(PM B

Hayjw, Hajw, Fa3, a,

=H %\ﬂhysph’éhysz &

%\“hy52|“11]l§%4\ﬁh
‘“h‘uslh"h‘ug%/ﬂﬂh
Mgl \ah”SZIJ‘SZ |y
= Ha \“hﬂsph’éhysz |y

13210, 320, M2, o,

sf @,

Ls

(20)

are the upper

(21)
(22)
(23)

(24)

(25)
(26)
(27)

(28)

Equations (29)—(36) are formulations of the upper and lower slices of the lower fir-

ing rules.
L gy Stlan ,1151|,th51 \ahr(I’f
ﬁh lr‘ahysz|“hysM‘“lz fi,
Pay = " %‘”‘h‘usu"‘hysl g ﬂi}
fgh K %\“h‘uszltxhysl ‘ah’(’)f

= M3 Sl #51|”‘hy52 &
\ahyszlahysz |&,
ZT\“h‘uS |'Xh]/152 &

He2m, y52|”‘hy52 |,

(29)
(30)
(31)

(32)
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T T T N
Loy = V5w 1w, Yl Loy, = HSHanHShlan 52, (33)
3 = = = 4 _ = = =
Loy = Vw31, 'Y Py, = HSH oy #5353, (34)
5 — = = 6 _— = -
fﬁh N yg%‘ﬂhyg})myg}w‘ﬂh'f&h N ‘ug%‘ﬁhyg}ﬂﬁh‘ugﬁﬂﬂh (35)
7o o= 8 _= = =
TE IS IV s TS TS 1 (36)
The type-reduction procedure from a type-3 fuzzy to a type-2 one, are computed as
follows (Figure 2):
R, R,
B 21 Pz,00 121 Py, 01
Iz, = 71 Ju, = R 71 (37)
D ! D !
lgl (q)&h + q)ﬂlh) lgl (P@h + f%)
R ! R —l
) Pz b Y (Path
A [=1"""h P I=1 —
o TR, Nw T R, (38)
) - ) !
§ (goﬁh fah) lgl th, + gﬁh)

where, R is the number of rules (here R = 5), and §; and 0; are the parameters of the lower
and upper of the [-th rule.

Hg (T7 u)

1<

0.8 _

0.6

0.4 |

0.2 _

—o
v

Figure 2. A view of the type-3 MF horizontal slices.

The type-reduction procedure from type-2 fuzzy to type-1 one is as follows:

n — n _ n n
Y aniy Y ay Y any_ T a,g
= o= h=1 h=1 " h=1 X
]/ ~ n - + no
Y o(ap+ay) X (&, +ay)
h=1 h=1

h

=~ + (39)
Y@ tay) X (@nta)
h=1 h=1

=

7

The output yA is Computed as:
) = L 40

The type-3 fuzzy neural network parametric learning process can be seen in Appendix A.

<>

4. Controller Design

As presented in the literature review, an approach for the stabilization of stochastic
nonlinear systems is presented in the form of strict feedback, which is based on the back-
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stepping design technique and neural networks. The present method is an extension of the
method proposed in [5]. The differences between our work and the aforementioned work
are as follows: replacing the backstepping design method by using the dynamic surface
control (DSC) design, and the use of a type-3 fuzzy system instead of a radial base function
neural network (RBEN). Numerous articles have proven the ability and accuracy of type-3
fuzzy systems compared to other computational intelligence tools. Finally, the proposed
design method will be used to investigate the occurrence of PI waste in the actuator. This
method is based on a multi-step recursive design algorithm that will be described below.
Consider the strict feedback stochastic nonlinear system (17), then for each i step, an error
surface (S;), as follows:

Si=xi—z,1<i<n, z; =y, (41)

where S; is the i-th error surface, x; is the i-th state, and z; is the i-th desired state for the
system. The proposed design procedure consists of n sequential step calculations. A virtual
control input ;1 for each step is defined as follows:

Tip1 = —kiSi — 2-S300] (2:)Gi(zi), 1 <i<n,
zi = [%,0], % = [x1,..., %] (42)

U =Xy11 = —knSp — ﬁsiéﬁ(zn)én(zn)

where k; and 4; are the design parameters (calculated by a type-3 fuzzy system), and ;(z;)
are the type-3 fuzzy membership functions in the first layer of the type-3 fuzzy neural
network. An estimation of  is shown by f. The virtual control input is passed through a
low-pass filter in order to obtain the desired value of the next step mode.

€i11zit1 tzip1 = Xiy1, 1 <i<n—1 (43)

In (21), €41 is design parameter (calculated by type-3 fuzzy system). The i-th filter
error is as follows:
Vi=12zi— X = —€Z (44)

The derivative of (22) is as follows:

dy; = (Zl + Bi(si, Cir yi, 0, xi, xi)>df + Gi(si, Gir Yir 0, i, x;)dp (45)
1

where B;(.) and G;(.) are smooth and continuous functions, with maximums of M; and

Nj, respectively. The adaptation law to update the parameters of the type-3 fuzzy neural

network is as follows:

Y )
0=13_ 5574 (2)¢(2)) — kof (46)
j=1.24]

The block diagram of the proposed control system is shown in Figure 3.

As shown in Figure 3, the dynamic surface control (DSC) is the main controller that
needs to be configured. In previous studies that have been carried out, the parameters
of this controller were usually calculated by trial and error or with prior knowledge, but
in this article, we use the type-3 fuzzy neural network to calculate the aforementioned
parameters. Online tunning of control system parameters is very important, especially in
systems with high nonlinearity dynamics or stochastic systems, such as in [25,26].
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a,€it1, k;

v

x(t) o’

z(t) |—> Dynamic ,*'—"'
‘@ > Surfa(;e”

u(t) Stochastic y(t)

A Nonlinear
ry CO'I‘;Iil’Oller Svstem

P
,f

E’

Figure 3. Block diagram of the proposed control system.

5. Simulations

In this section, to show the efficiency of the proposed method, two stochastic nonlinear
dynamic systems will be controlled and the results will be depicted.

Example 1. Consider the following second-order stochastic nonlinear system.

dx; = ((1+x3)xp + xysin(xy) )dt + x3dy
dxy = (<2+ 1 )u+x1x%>dt+(1+sin(x1))x2d1p (47)

2
1427
y=x

where x1 and x; are the states of the system, u is the input of the system (control signal), and y
is the system’s output. Figure 4 shows the simulation result of Example 1 and the performance of
the proposed control system (dynamic surface control with a type-3 fuzzy neural network) for the
convergence of both system states.

1.5 2 25 3
Time (Sec)

Figure 4. The states of the system (47).

The control signal generated by the proposed control system for the convergence of
the states in Figure 4 is shown in Figure 5.

For further evaluation and analysis, the proposed control method is compared with
the other two methods. In this scenario, the system output is supposed to rise from 0 to
5 after 1 s. One method is a dynamic surface control based on type-1 fuzzy system, and
the other is based on radial basis function neural network. Figure 6 shows the result of
this comparison.
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2 I I | I
0 0.5 1 1.5 2 2.5 3

Time (Sec)

Figure 5. The control signal.

8 T

RO

EN
T

N
T

= === Type-3 Fuzzy DSC

............... Type-1 Fuzzy DSC

0 -

e RBFN DSC

0 0.5 1 1.5 2 25 3
Time (Sec)

Figure 6. Comparison of dynamic surface control performance based on the type-3 fuzzy system,
type-1 fuzzy system, and RBFN.

The control signals generated by all three controllers in Figure 6 are shown in Figure 7.

2 T I ' | ‘
- - - - Type-3 Fuzzy DSC
L A O Type-1 Fuzzy DSC
T T RBFN DSC
0.5 |
0 U —
0.5 - ]
-1 : I I I ‘
0 0.5 1 15 2 2.5 3

Time (Sec)

Figure 7. The control signals of the three controllers in Figure 6.

It can be seen from Figures 4-7 that the proposed control system has a good perfor-
mance and has been able to manage the states (output) of the controlled system in less
than 1 s. Additionally, comparison with the other two controllers (type-1 fuzzy and RBFN)
shows the high speed and accuracy of the type-3 fuzzy. It can be seen from Figure 7 that
the control cost (control signal peak) in the type-3 fuzzy is much lower than the other cases.
In the following, a more complex system (48) is introduced, and the performance of the
control system for this system (Example 2) is challenged.

Example 2. Consider the following third-order stochastic nonlinear system.
dx1 = ((0.3 4 x3)xp — 0.8sin(x7))dt + xysin(x1)dyp
dxy = ((1+x3)x3 — xp — 0.5x3 — x§ — \/x7)dt + x1c05(x2)dp

dxs = ((1.5 + sin(x1x2))x3 — 0.5x3 — 3x3 — x3x3 — —L )dt + 3x1e%2dy (48)

1+22
y=x1
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where x1 and x, are the states of the system, u is the input of the system (control signal), and y is
the system’s output. This system (48) has three states, and the proposed control system has been able
to converge all of them very well (Figure 8).

0 0.5 1 15 2 25 3
Time (Sec)

Figure 8. The control signal generated by the proposed control system is shown in Figure 9.

o«
1

o
T

5 1 I 1 I 1
0 0.5 1 1.5 2 2.5 3

Time (Sec)

Figure 9. The control signal.

As shown in Figure 9, the control signal converges the system in less than 1.5 s. As
in Example 1, here the performance of the proposed control system is compared with the
other two methods, and the results are shown in Figure 10.

8 T '
| _
YN Ra i
Nems”

| _
ol

- - - - Type-3 Fuzzy DSC
0 o e Type-1 Fuzzy DSC

------- RBFN DSC
2 ' ‘ | ‘ ‘

0 0.5 1 1.5 2 25 3
Time (Sec)

Figure 10. Comparison of dynamic surface control performance based on the type-3 fuzzy system,
type-1 fuzzy system and RBFN.

It is seen in Figure 10 that the proposed control method (DSC based on a type-3 fuzzy
system) manages and controls the system (48) in less than 0.5 s, while the RBFN-based
method takes more than 1 s. The control signal of all three controllers for the aforementioned
operation is shown in Figure 12.

As can be seen from Figures 8-12, the proposed control method has been able to handle
a nonlinear and complex random system (48) well and control it in less than 1 s. Figure 10
shows that the DSC based on the type-3 fuzzy system touches the desired value for the
first time in less than 0.1 s, and that the overshoot percentage is less than 6%. Additionally,
Figure 11 shows a close view of Figure 10 when the step is applied. Figure 12, which shows
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the control signal of all three controllers, clearly shows the fast response of the proposed
method with the lowest control cost. The swirling domain of the proposed controller
control signal is much lower than the RBFN DSC and type-1 fuzzy DSC methods, and its
response is about 0.6 s faster than other two mentioned methods.

1
2 - - -- Type-3 Fuzzy DSC ' ;
s « Type-1 Fuzzy DSC llf;
—--—= RBFN DSC i

o S

2 | |
0 0.5 1

Figure 11. A closer view of Figure 10.

2 T
- - - Type-3 Fuzzy DSC
15
............. Type-1 Fuzzy DSC
1 —— RBFN DSC
05 |
O =
-0.5 |
-1 I ‘
0 05 25 3

Time (Sec)

Figure 12. The control signals of the three controllers in Figure 10.

6. Conclusions

In this paper, an innovative control method for stochastic nonlinear systems is pre-
sented. In this method, for the first time, a new type-3 fuzzy system in the framework
of neural networks (commonly called a type-3 fuzzy neural network) was used to adjust
the dynamic surface control method. The class of stochastic nonlinear systems was con-
sidered as strict feedback with Prandtl-Ishlinskii (PI) waste, which includes a wide range
of real-world systems. The proposed control system was set up to detect changes in less
than 1 s, and to generate the appropriate signal immediately. To evaluate the proposed
method, two common and widely used systems are simulated, and the results show the
high efficiency and accuracy of the proposed control system. Additionally, to compare with
other methods, two methods (a type-1 fuzzy system and RBFN) were compared with the
proposed method, which testifies to the superiority of the proposed method both in terms
of speed and accuracy and in terms of minimum control cost (minimum overshoot).
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Appendix A. Learning Algorithm

In this section, the rule parameters, the centres of MFs, and the values of horizontal
slices are tuned.

Appendix A.1. Tuning of Rule Parameters

The rule parameters are tuned by the EKF algorithm such that the following cost
function is to be minimized:

J= 30— 97 (A1)

where y; is the desired output and § is the output of the suggested T3-FLS that represents
the estimated output. The tuning laws for the upper and lower rule parameters 6 and 0 are
given as:

0(t) =0(t—1) + () P(t)(ya — 9),0(t) = 0(t = 1) + (t)(t) (va — J) (A2)

where 77 and 7z(t) are the corresponding covariance matrices for 6 an 0, respectively. The
terms i(t) and i(t) are defined as follows:

_ _ T
¢:wynwwnwﬂﬁ£:@M”%WH¢J (A3)
where §(t) and i(t) are as follows:

g =0 _ om0 _ o5 o5 Wy, | op 0§ Y,
1™ 96, — 9706, ~ oyoy. o, 99 99, 8

w7 2 7 (A4)
:05i<1 )ZthR l“hl +0.5£(1 )Zg“ f’ll
ap+ay) h=1 ¥} aytay) h=1 @
= B & ,§1<(Pﬂh+fah> = L& 1§1<¢“"+$ﬁh)
l’b:a?:ﬂaz:%a:az@ %aﬁazﬁh
Ty BQ[ BZ an az Bzﬁh BQI E}Q ayﬂh an
! I
no [ n [ (A5)
= 05 7 1 Z th R 7‘“}’ ’ +05 [ 1 Z &h R lgh ;
El(ah+gh)h:1 Y ((pah *%) gl(”‘h"“"h)h:l Py (%h <pa,>

Appendix A.2. Tuning of MF Parameters

For the antecedent parameters, the centres of MFs are tuned on the basis of the gradient
descent method. Then the tuning laws are written as follows:

] .
cgl-T(t) = cng(t -1)— 'yaCNj ,j=12 (A6)
ST
a .
gy (1) = cg (t=1) = 75 =1,2 (A7)
P P

GC~,- !
SP
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aJ .
g () =cg (t‘—l)—’ya —,j=12 (A8)
M M Cg]
M
where 7 is the training rate. 0] /dcz is obtained as follows:
Y g st
o] _ 9J/97 9 y“h q)"‘h ?‘"h aﬂ*h
8651_871’9? . Z@Taz aw*‘ZCTaz acg +
T T
—_ 99 Q? g Zl a?ﬁh aa]ﬁh Z gl %, A af"‘h
%079y, \ /= T o9}, %51 199, %5}
_ (A9)
_ 2/ 99 9 gzl az&h aalﬁh + Z Zl % = aﬂxh +
= 35 o097 T e T3l 90
a7 97 azgh = aq,ﬂh acsz a cvlT
aran a9 [ R 1 97 gl agL
= 5597 zg*h”+zé‘“”
By ag E)Jh = T a(Pth aCj Tafoc §%ﬂ

where ZIT represents the I-th element of vector { 1. The vector { is defined as follows:
¢r =1[1,1,1,1,0,0,0,0] (A10)

a%h a%h aﬁ‘"h
— | 7 7 7
a‘PEh afah a‘Pa (.

where the elements of { in the rules that include cz1, are one. The terms
T

9y, %z, g %,
aq)l s a% s a(pL s aq)

9y,
, and q)*h are obtained as:

A —&p
R
_ ! =
Iy 121<q0 % q)& ) Yo o7, —1
- = r5 =0 (A11)
(P”‘h R (= I ? af{zh R i ?
(121(%;1 + %)) (lg(%h + svah))
R
1 ! 1
o r(oh e )= a7 B
L e SR G
aath S (o ! ’ aJx 1 !
- Bt
(1);1(4)% Q“h)) (; ((Pﬁh (prx ))
R
5 L U N SN
ayﬁh lgl <(P h q)ﬁh) Pay oy -1
T Y 7 590 =90 5 (A13)
T (E@en) M (BEre)
= Puy T 5 = Pz, T P
R
. ! 1Y =
aZ"( lgl (q)“h N fﬂh) q’gh ayﬂth -1
I a1 = 5 (A14)
qoah R ] ] a&] R ; |
- Z (cp’xh ?a ) - ; (q)gh fP(X )
apl  ogl  dgL o¢!
For afﬂr afﬂh , 502+, and 5=+ one has:
St sk St St
! —1 _
aq)ﬂéh _ 2(T st ‘Déh) q)[ a(Pgh _ 2<T CSth) al (A]S)
& 72 @ = =2 o
BcslT = " dcg T3t e, L
! !
aﬂx _ 2(T “s) \‘Xh) 1 aﬂ&h 2(T ‘s |£h) ]
e 72 & 9cw 2 L (Al6)
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The computation for terms 8]/8c§2, 8]/8051 , 8]/8c§2 , 8]/8c§1 and 8]/8c5~2, are
T M M r r
the same as 9] /dcg , with difference that {7 is repealed with {_., {u, ¢, Cp, and {,
1 2 S S

% and (7%1 « should be replaced with
1 T %

respectively. Additionally, terms €31 [y €51 Iy’ c7§1T

the corresponding terms. The vectors 7, I € \v Gpsand ¢, are defined as follows:
¢;=100,001,11, 1,2y = [1,0,1,0,1,0,1,0] (A17)

Z,, =10,1,0,1,0,1,0,1],Zp = [1,1,0,0,1,1,0,0],Z,, = [0,0,1,1,0,0,1,1] (A18)

Table Al. Explaining the symbols used in this paper.

Symbol Description Symbol Description
" standard 2—dim§nsional external F filtration
motions
P criterion Probability X vector of system state
Cml0, tE] spacefr(;fgtrﬁzflc;rfrz nccc;i)t;r;uous u(t) output of the actuator
o(t) input signal to the actuator p(r) density function
1757-”&’1 upper standard divisions for §]T ’Rh gng i@ lower standard divisions for ng ’&h
0; parameters of lower of I-th rule 0, parameters of upper of I-th rule
S; i-th error surface X; i-th state
Z i-th desired state for the system k; design parameters
type-3 fuzzy membership functions in
a; design parameters Ci(zi) the first layer of the type-3 fuzzy neural
network
€11 design parameter B;(.) smooth functions
Gi(.) continue functions M; smooth functions maximum
N; continue functions maximum u input of the system (control signal)
y system’s output i corresponding covariance matrices for 0
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