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Abstract.

This paper has proposed an intelligent Evolutionary Bat Algorithm (afterward, EBA) Fuzzy NN (Neural Network)

controller used to ensure the asymptotic simulation stability of a mathematics nonlinear system for a smart structure. The smart
evolutionary fuzzy NN model adopts an NN numerical model and the linear differential inclusion (LDI) concept. Denotation of
the nonlinear dynamics is constructed by transforming the nonlinear model into a multi-rule-based sector nonlinear form of
mathematics linear numerical models, and implementing a new sufficient mathematics condition whereby the asymptotic
simulation stability of the intelligent structure is guaranteed by the Lyapunov mathematics function, linear matrix inequality
(LMI). The high frequency is also injected as an auxiliary to stabilize these nonlinear systems. According to the relaxed method
injected with dithered auxiliary, the nonlinear system can be guaranteed stable by appropriately regulating the parameters.
Finally, there is a numerical resultant example with simulation results which is designated in order to precisely demonstrate the
advantages of the smart intelligent controller and the proposed control scheme compared to previous schemes.
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1. Introduction

The most general and useful method for investigating
the stability of nonlinear simulation systems is the theory
proposed by the Russian mathematician Lyapunov in the
late 19th century (Gutman 1979). A report published by
Lyapunov in 1892 included two mathematics methods of
stability analysis (lined method and direct method). The
direct method determines this stability of the nonlinear
simulation systems via constructing the scaled energy
mathematics function of the simulation system and
controlling the time change of the simulation system. Since
then, many improvements have been made to the Lyapunov
method. Today, Lyapunov’s lining method is now the
theoretical basis of linear control, and Lyapunov’s theory is
the most important tool for analyzing and designing non-
linear simulation systems. Lyapunov’s theory of stability is
the lined method and the direct method combined.

A number of nonlinear control mathematics methods for
nonlinear simulation systems had been developed and
proposed to solve the challenges of controller design in a
real simulation system. However, these nonlinear control
schemes are too complex to be suitable for practical
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applications (Chen et al. 1999, 2019a, b, 2020,
Bedirhanoglu 2014, Zhang 2015). Because the quality of
the controller is not seen linearly, direct feedback is difficult
to do, so it is certainly not easy to design the simulation
system controller for nonlinear simulation systems.

To successfully design these nonlinear simulation
system controls, a simplified numerical model for the
controller must be developed. In previous research, a fuzzy
Takagi-Sugeno (TS) model was modeling practical plants
make controller stabilize these fuzzy TS models. However,
assuming that the fuzzy model is directly compatible with
the nonlinear simulation system, these mathematics
methods ignore modeling errors, which can lead to
instability. Tanaka and Sugeno (1992), Chen et al. (1999,
2020) and Kirakidis (1998) have presented mathematics
methods to overcome this instability.

In recent years, the field has developed new
mathematics methods, each with unique advantages of
solving complex mathematics nonlinear simulation systems,
identification and those control mathematics problems (see
Shariatmadar and Razavi 2014, Braz-Cesar and Barros
2018, Ghaffarzadeh and Aghabalaei 2017, Pozo et al. 2016,
Ying et al. 2019, Jeong et al. 2019, Chen 2014a, b, Son et
al. 2016, Zhou et al. 2015, Tanaka and Sugeno 1992 and its
references). Neurons type element for parallel operation of
a neural network was design to stimulate the biological
nervous simulation system. By adjusting the weights
between elements, these NNs can be formed to represent
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specific mathematics functions. Thus, by repeated learning,
the nonlinear numerical simulation system can be
approximated to the NN model. However, the stability of
the intelligent structure of nonlinear simulation systems is
difficult to analyze based on the control of the neural
network model and there are few research reports.
Therefore, this research uses LDI approach to solve the
problem of stability analysis of the intelligent structure of
the nonlinear simulation system.

In order to solve the influence of modeling errors, a
solid fuzzy mathematics control design scheme based on a
neural network is proposed. First, we construct an NN
multilayer perceptron, which has an original S-type
symmetric transfer mathematics function to approximate
nonlinear plants. The numerical dynamics of these NN
models are then changed to LDI representation. The
numerical model-based simulation fuzzy mathematics
controllers are then synthesized simulation in order to
numerically stabilize the mathematics nonlinear simulation
system. An evolutionary algorithm is proposed to achieve
the purpose of modeling the control simulation system. The
so-called evolutionary bat algorithm (EBA) is able to solve
different types of optimization problems and is thus often
incorporated in the design of LDI controllers. Based on the
assumption of the Lyapunov stability, a flexible model of
structural simulation systems for artificial LDI represent-
tation including the stability criterion, for smart structural
stability is constructed. Furthermore, fuzzy theory and EBA
are considered in the control scheme which make the
simulation system control more robust and easier to
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Fig. 1 NN model

n + 1) is the n-dimensional mathematics output numerical
vector.

Fig. 1 consider an NN model, with S layers and RY
neurons for each of the layer, where the unit ¢ = 1, 2, -+, S.
It could be observed T(v) = 1{2/[1+exp (—v/n)] — 1}
(n > 0,4 > 0) of some units in the NN numerical model.
The numerical sigmoid mathematics function with two
parameters 1 and A has generalized concept compared
with the special case of one parameter sigmoid mathematics
function. The weight unit matrix of these gth layers are
written as W9 = [T,(v) T,(v) Tra(V)]", and T,
are the transfer mathematics function numerical vector with
Ya, Also

r=1,2,-,Rq )

The final mathematics output of the numerical NN
model could be referred in the follows

x(k+1)=®S (WS X @S-1 (Ws—1 X @S2 ( ...... w2 (Wz x P (W x Z(k))) ...... ))) (3)

Z()" = [x(k)

implement. The rest of the paper on, the design of the
intelligent control methodology is organized in the present
study as follows. The simulation system is described in the
second section. In the case of modeling errors, a common
indication is provided which is sufficient for the nonlinear
simulation system to ensure the asymptotic simulation
stability of the intelligent structure in section three. In
Section four, we develop sensitive criteria for structural
stability. In section five, we propose the design algorithm. A
numerical example with simulation to precisely illustrate
these feasibilities of our method is provided in section six,
and a summary is designated at the end of this section.

2. System simulation description

Consider a numerical and discrete-time mathematics
nonlinear simulation system that describes states as

x(k +1) = f(x(k), uk)) (1

in which f(-)is a mathematics nonlinear numerical vector-
value mathematics function, x(k)~x(k —m + 1) is the
m-dimensional state numerical vector and u(k)~u(k —

x(k—m+1) ulk)

utk —n+ 1)]. “4)

Accordingly, LDI is introduced into the state spatial
representation, which is (Tanaka 1995, Tsai and Chen 2014)

yk+1) = ?,J (a(k))y k)

D(a() = > h(at)D, ©)

where ¢ is kind of a positive numerical integer, unit a(k)
is a numerical vector which signify these dependences of
h;(). In terms of LDI characteristics, without losing
generality, some can employ #4;(k) instead of unit
h;(a(k)). Firstly, it can be obviously found that T'(v) is
satisfying g v <T(w) < g,v, v=0 and g,v <T(w) <
g1v, v <0.

The transfer numerical mathematics function numerical
vector unit ¥? and net mathematics output numerical
vector unit v9, the min-max numerical matrix G(v?, ¥?)
is then defined as the following

G(v1,P9) = diag(g(Tr)), r=1,2,---,Rq. (6)

Furthermore, based on these interpolation mathematics
methods and the Eq. (4), we acquire
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2 2

2 2
x(k+1) = {Z Z hfls(k) '"hjsgs(k)G(vs'qlS) (WS X [+ [Z Z h].z%(k) ...hj?;z(k) 7

jf=1 J‘}gs=1

=

2 2
GEEWHW x| ) e DGR (G WX ZEND] DY = D (L (W, ¥)Z0) ()

Ji=1  jpg=1
where

h'l’z(k), h3(k) € [0, 1],

Z W) = 1

]—1

Zh (k)—z Zh%(k) iy (),

]1_1 qu_l
J, =G, ¥HWS - G, ¥ W,
h,(k) >0,

Zhv(k) = z ---Zhﬁs(k) e hli (k) = 1.

The dynamics of the NN numerical model Eq. (8) could
then be numerically rewritten as follows with LDI
representation

@
x(k +1) = Z hi (k)] Z (k)
= 9)

- Z hi (k) {A;x(k) + Byu(k)}
i=1

where

x()T =[x(k) x(k—1) x(k—m+1)],
u(k)" =[utk) ulk-1) u(k —n+1)], and J; is
the appropriate dimension which is associated with
J,(W,¥). Besides, units A; and B; are respectively the
partitions of unit J; which is corresponding to the
mathematics partition Z (k)T = [x(k)
x(k—m+1) u(k) u(k —n+1)].

Herein, the synthesized fuzzy controllers are in the form
of

IF x,(k) is M;; and -
THEN u(k) = K;x(k),

and x,, (k) is M,
i=1,2,p (10)
where p is the numerical number of IF-THEN logic rules
and the last mathematics output of these numerical
controller is then referred in the following

Y wOKix(K) <O
ul === o —;hi(k)lq-x(k) (11)
with
Be S wk)
wi(k) = ]|| My (500). Rl =5 s

in which M;;(x;(k)) is these grades in membership of unit

xj(k) in M;;. In these studies, they are also assumed in the
form of unit w;(k) =0, and Y'_, w;(k) > 0 for all kinds
of k. Therefore, the unit h;(k) =0, i= 1,2,
i hi(k) =1 for these units £.

, 1 and

3. Fuzzy robustness smart control design

In this section, the mathematics nonlinear closed-loop
smart structural asymptotically stable simulation system is
evaluated and considered under these influences of
numerical modeling error e(k). The issue of modeling error
is presented and ensured for smart structural asymptotic and
associated stability of the numerical nonlinear simulation
system derived below.

If substituting Eq. (11) into Eq. (1), which yields these
closed-loop mathematics nonlinear simulation systems as
follows

x(k+1)

e
—ZZhL(k)h (k)(A; + B.K))x(k)} (12)

where

F(x(k)) = f(x(k),u(k)), H” = Ai + BiK]',
¢ u

e(k) = {F(x(k)) - Z Z hy () by (k) (A; + BK) x(k)} (13)

i=1 j=1

and supposing the fact that there exits a bounding numerical

matrix AH;;, for example

® u
lety < || ) ) ok @aHuxt) || (14)

We could derive
(k)"e(k) < {(Hyx(k)} {H, x(k)} (16)

which demonstrates the modeling error in Eq. (13) is
bounded particularly by the specified H,.
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Herein, an important criterion is then designated as
below to basically guarantee these Smart Structural
asymptotic stabilities of these closed-loop numerical
nonlinear simulation system Eq. (12).

Theorem 3.1:

If there exist a numerically positive definite matrix P
and then there is a positive changeable constant unit X
and result in that the following inequality

H;j+H\" (Hj+Hj
() P(F) P (eHipHy) (1)
+(1+ kYA (P)HTH]x(k) < 0

is satisfied for the parametersi = 1,2,-:-,¢; j=1,2,-,u
where unit A, (P) means the numerical maximum
eigenvalue of unit P, then these closed-loop numerical
nonlinear simulation systems Eq. (12) is then
asymptotically stable.

Based on the learning from bats in the natural world, the
EBA is discussed (Tsai et al. 2015). Unlike other swarm
information algorithms, the advantage of EBA is only in
case that one parameter (called the medium) calls for need
to be determined and then these algorithms are used to solve
the problem. In the process of evolution, the choice of
different medium will determine the different stages of the
research. In this study, we chose air in the reason that these
original media we introduced in the natural and physical
environment in which bats basically live. These operations
of EBA could be simplified in four stages:

Origin: randomly assign artificial reactions to them, and
disperse them in the solution space.

Movement: Say the artificial preparation is moved.
Create a random mathematics number, then check if it
exceeds the fixed pulse mathematics emission rate. Upon
the result is positive, use a random walking process to move
the artificial preparation.

xf=x{"1+D,

In which xf demonstrates the unit coordinate of these
i-th artificial mathematics agents at the #-th iteration, unit
xf~! demonstrates the possible mathematics coordinate of
these i-th artificial mathematics agents at the ending
iteration, and unit D is the numerical moving mathematics
distance that these artificial mathematics agents go to these
iterations.

D =y-AT

In which unit y is a numerical constant which is
corresponding to these possible mediums which was chosen
for these numerical experiments.

B €[01]

R= B (Xpest — xit)v

In which f is a numerical random number; unit X,
represents the coordinate of these near and best solutions
which are found so far all throughout all of those artificial
mathematics agents, and unit xit R denotes the new
numerical coordinates of these artificial mathematics agents

after these operations of the numerical random all walk in
the process.

4. Smart NN relaxed simulation system and the
stability analyses

In the section, a smart structural stability criterion is
presented to stabilize the numerical simulation system
utilizing the same fuzzy controller designed.

The corresponding relaxed simulation system Eq. (18) is
defined as

T

xp(k+1) = Z am (k) f(xp(k), ug(k), B (k)  (18)

m=1
where a,,(k) is regarded with non-negative and it satisfies

T

0<a,(k) <1, Z (k) = 1 (19)

m=1

In the subsection, the NN numerical model of the
relaxed simulation system (will be called as “NN relaxed
simulation system” in the following text) is reconstructed.
First, the last mathematics output of these closed-loop NN
relaxed simulation systems are describing as follows in the
form of

x(k+1) = ) k(0T (W, 9)Z(k) (20)

where
]v = G(US’ lI’S)WS G(UI’ (I]l)Wl’
Ry (k) > 0, Zﬁ,,(k) —1
v

Then, the same fuzzy controller synthesized in Eq. (11)
is used to stabilize the numerical simulation system. Next,
the numerical dynamics of these NN relaxed models are
rewritten as the LDI representation with 7;(k) =0,

X hi(l) =1

o u
SR EDWWACTHOI AN
i=1 j=1

+B; (e, Bi) K} (K)

@n

In the remainder of this study, we replace A;(tp, Bm )
and B;(an, Bm) with A; and B;, respectively. Hence,
some could appropriately calculate and regulate these
parameters a,, and f,, to get the appropriate matrices A;
and B;. According to Eq. (12) some have the numerical
closed-loop simulation system in the following

u
z Ok (k) +e(k)  (22)

j=1

x(k+1) =

@
i=1

where
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F(x(k), d(k)) = f(x(k), u(k),d(k)),
Hij = Ai + BiK]',
e(k) ={F (Zf(k;?'d(k)) (23)

=3 WO 0O (A + Bik;) x(0)

i=1 j=1

In similar fashion, suppose the results that there exits a
bounding numerical matrix AH;; such resulted from

®
ledoli < || > > hohtortyx || 4

where || 8[| <1, for i=1,2,--,¢ and j =1,2,, 4.
Herein, a smart structural stability criterion with the
parameters is designated below to precisely guarantee the
smart structural asymptotic simulation stability of the
numerical closed-loop simulation system Eq. (22).

Theorem 4.1

The numerical closed-loop simulation system is
asymptotically and precisely stable if there is existing a
positive definite numerical matrix @ and a positive constant
value k resulting in the following inequality

B, +8,\" (H;+H,; o
( 12 J) Q( 12 J>_Q+(xHiTjQHij) (26)

+(1 + ") Ay (@ HTH,1x(k) < 0

is satisfied for i = 1,2,--+,¢; j =1,2,--,u where 1,(Q)
represents the maximum numerical eigenvalue of Q.

The solid proof of these Theorem could be discussed in
the same way by the follows in these same procedures while
these proofs of Theorem 3.1, but with H;; being replaced

by H; ;- Therefore, this proof'is not repeated here.

5. Derived algorithm

The whole design process can be precisely summarized
to synthesize a model based smart fuzzy controller with the
following steps.

Step no. 1: Establish an NN numerical model, then
convert it to LDI formulation.

Step no. 2: Synthesize a model-based fuzzy controller.

Step no. 3: Select the bounding matrix AH;;(= 6;;H)
to satisfy robustness design.

Step no. 4: If there exists a numerically positive definite
numerical P to satisfy these stability simulation conditions
Eq. (17), the simulation system could be precisely stabilized
by these synthesized controllers.

Step no. 5: Apply the EBA relaxed method to establish
the relaxed simulation system.

Step 6: Reconstruct an EBA NN model of the relaxed
simulation system and then convert it into LDI
representation.

Step no. 7: Select the bounding matrix AI:Ii]- (= 8ijI:I a)
to satisfy robustness design.

Step no. 8: Adjust the parameters «, and (3, to
satisfy the stability condition Eq. (26).

6. Example

Consider a mode control of seismically excited
structures by the following equation (Tanaka 1995)

x(k+1) = —11x(k — 1) + 0.2x(k)?u(k).  (27)

It can be easily seen that at least near the starting point,
the powerless simulation system is unstable. These purposes
of the examples are to synthesize a model-based EBA fuzzy
numerical controller for this mathematics nonlinear
simulation system.

Step 1: A simulation appropriate NN numerical model
which is shown in Fig. 2 with two simulation layers in
which the hidden simulation layer makes of two fuzzy
neurons and these mathematics output layers are used to
approximate nearly the mathematics nonlinear numerical
simulation system Eq. (27). After our training the neurons
by the introducing backpropagation algorithm, the unit
weights could be designated as the following results (The
training process can be referred in manual book of Matlab
toolbox and the detail is not repeated here. Also, we use as
few as layers and hidden neurons to show the robustness of
the proposed criterion)

Wi = 04164, W, =03997, W =-0.1423,
W} = —0.5647, W} =—-02601, Wk =0.1626,
W311 = _8.9071, W312 = _7.0720.

From Fig. 2 we have'

VT} = erlx(k) + erzx(k - 1) + Wr13u(k);

r=12 (28)
vi =W3 T(vi)+W5HT(vy) (29)
x(k+1) =T(v?) 30)
where
T(U}) = 2 o1 - 1, r= 1,2 (31)
[1+ e (=55)]
v2
TWw?) =2/[1+exp <— é)] - 1. (32)

According to Egs. (31)-(32), the minimum numerical
value and the mathematics maximum numerical value of the
mathematics derivative of unit T(v) could thus be
designated in the following form

" The symbol v{ represents the net numerical input of the possible bth
fuzzy neuron of the ath simulation layer.



922

w;
\T(Vf) Xk +1)
/04’

Fig. 2 The NN model of Eq. (27)

dT(v)
dv

g» = max
v

Nevertheless, according to the interpolation numerical
method, the Egs. (31)-(32) could be denoted in the form of

Tv}) = (hy (K) gy + hry(K)go)vt, r=1,2  (33)
Tw}) = (hi1 (k) gy + hip (k) gz )vi. (34)
From Egs. (30) and (34), we get
x(k +1) = (h11() gy + hi,(K)gz)vi
: 35)

= Z h5 (k) giv?.
=1

Substituting Eqs. (29), (33)-(34) into Eq. (35) yields

x@+ﬂ—§}ﬂ@mzwmw

(36)
hlp(k)hZS(k)
hu(k) 2.1 2.1
e o (gpWiivi + gsWi3v3)
By plugging Eq. (28) into Eq. (36), we obtain
x(k+ 1)
2 2 2
= Z Z Z h l(k)hlp(k)hZS(k) {9, (ng11W11
(37)
=1 p=1s=1

+ 95W122W211)x(k) + gl(ng121W112
+ gsWHEW5)x(k — 1)

The matrix representation of Eq. (37) is

hi (k) by (k)i (k)
(Alpsx(k) + Blpsu(k))

Aps = [gl(ng1z1W111 + .gsW122W211)

1
_ [g (g WAWS + g WEWS)
0
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Moreover, according to renumbering the numerical
matrices, the NN numerical model Eq. (38) could be
transformed into the proceeding LDI form in representation

x(k+1) = Z h;(k)(A;x(k) + B;u(k)) 39)

i=1

In which

hy(k) = hi; (k)hiy (k) hzq (k) + hiy (k) hiq (k) g, (k)
+h3, (k) hiy (k) (k) + 11 (k)i (k) Az, (k)
+h3o (k)1 (k) hgy (K),

hy (k) = h%z (k)hh(k)h%z(k),

hs(k) = iz (kK)hiz (k) ki (K),

h4(k) = h%z (k)hiz(k)héz(k);

and

A, = A1ps =A311 = [0 0]

By = Ay, = [9033 18393
I 5% 3601]’

Ay = Ay, = [P2543 L7208

By =By =B =), ps=12
B, = By, = [11507],

B, = By, = 12674

B, = By = [1173]

Step 2: The membership mathematics functions of
method Rule 1 and method Rule 2 are indicated in Fig. 3
and the fuzzy controllers are basically synthesized in the
following form:

Control Rules:

IF x(k) is M; THEN unit u(k) = K;x(k),
IF x(k) is M, THEN unit u(k) = K,x(k),
IF unit x(k) is M; THEN u(k) = K;x(k),
IF x(k) is M, THEN u(k) = K,x(k)

(40)

where K; = [2
K4_ = [_2 4’].

_1]1 KZ = [_1 2]1 K = [_3 1]’

Steps 3-4: According to robustness design,
appropriate bounding numerical matrix is thus chosen as

an

—3.3801

_ —-1.0317
H, = 0.45 ]

q

Furthermore, the assumption robustness design is thus
satisfied from the showing illustration as seen in Fig. 4.

gl(gp W121 W112 + gsW122 Wzlz)] )
0

],x(k)T = [x(k) x(k-1)].
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However, there doesn’t exist any positive definite numerical
matrix P to basically satisfy the Smart Structural stability
condition Eq. (17). The response of x(k) for the
simulation closed-loop mathematics nonlinear simulation
system is illustrated in Fig. 5. In term of Fig. 5, the
mathematics nonlinear numerical simulation system Eq.
(27) cannot be asymptotically and precisely stabilized via
the introducing synthesized fuzzy controller Eq. (40).

Step S5: The mathematics nonlinear simulation system
can be written as follows

x(k +1) = —1.1x(k — 1) + 0.2(d(k) + x(k))?u(k). (42)

Based on Eq. (19), the corresponding relaxed simulation
system of Eq. (42) is established as the showing equation

x(k+1) = —1.1x(k — 1) + 0.2(ay (By + x(k))?

+a, (B, + x(k)u(k) (43)

923

1

0.8}

0.6

0.4}

0.2}

0

024

0.4+

-0.6F

-0.8F

1 . . . . . . .
30 40 50 60 70 80 9 100
lterative k

0 10 20

Fig. 5 The response of x(k) for the closed-loop mathematics
nonlinear simulation system (unstable)

where a; and f3; are the parameters for i = 1,2. Next, we
choose that
(44)

a1=0.5, a2=1_a1=0.5

and

Br=—B=¢ (45)
where ¢ is a real constant number. By plugging Eqs. (44)-
(45) into Eq. (43), we obtain

x(k +1) = —1.1x(k — 1) + 0.2(x(k)? + E)u(k). (46)

Step 6: In the follows, we purpose and find a possibly
appropriate amplitude ¢ to reasonably stabilize the closed-
loop simulation system with the use of EBA fuzzy

controller Eq. (40)
By the same procedure as that in Step 1, we have

v} = WA (©Ox(k) + Wh(©x(k — 1) “n
+W5 (u(k), r=1,2
vi = WA T(v) + Wh(E) T(v3) (48)
x(k +1) = T(wd). (49)
According to Eq. (36), we can get
2 2 2
x(e+1) = Y 3 R0k, (055 (0)
=1 p=1s=1
{9 (g WAOWLE + g WEHEOWAED)x()  (50)

+a (ng121(f)W112 &+ gSsz (f)wzlz (5)) x(k—1)
+a (ng121(f)W113 &+ gSsz (E)W213 (5)) u(k)}

The matrix representation of Eq. (50) is

2 2
x(e+1) = D73 k) ()i (75 (1)

2
=1 p=1s=1

(Alpsx(k) + Blpsu(k))

(5D
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where
_ ( ng121 (f)W111 €3] ) ( gpwfl(f)wfz €3]
Aps = +gsWE(OW(E) +gsWE(OWE ()
1 0

Similarly, these NN numerical models Eq. (51) could be
transformed into the results as the following simulation LDI
representation

x(k+1) = Z 7 (1) (A, (k) + Byu(l)) (52)
i=1
where

Ry () = ﬁi%(k)i«i%(k)fé%(k) + izi%(k)ﬁi%(k)féi(k)
+}_1%1 (k)ﬁz (k)}_l%1(k) + hy1 (k)hi, (k) by, (k)
+hy, (k) i1 (k)hy, (k),

hy (k) = hyp (k) (K)o (),

hi3 (k) = hap (k) (R hiy (),

ha() = hip (1) (K iy (),

and
{11 = %llps = ;1211, Az = A212:
1‘_13 = 1‘_1221: _ A, = Apy,,
?1 = l_;lps = 1?211: ) b, s : =1, 2._
B, = B,15, Bs; =By, B, =By,.

Steps 7-8: According to the LMI techniques (Tsai and
Chen 2014), there exists a positive numerical definite
matrix @ if the amplitude ¢ is within the interval 0.88-1.22
(see Fig. 6). That is to say, the simulation system Eq. (53)
could be asymptotically and reasonably stabilized by the
synthesized EBA fuzzy controller Eq. (40). Based on the
backpropagation algorithm, the weights (with & = 1.1) of
the NN relaxed simulation system can be obtained as
follows

W (1.1) = 1.0082,
Wi(1.1) = 0.2171,
W (1.1) = 0.8141,
W (1.1) = —0.2354,

W (1.1) = 0.5019,

W} (1.1) = —0.1840,
Wk (1.1) = —0.2381,
W,(0.9) = —1.1959.

0.02

0.018]-
0.016]-
0.014]-
0.012
0.01}
0.008);
0.0061'

0.004: H "

0.002 -

0 10 20 30 40 50 60 70 80 90 100
Iterative k

Fig. 6 The plots of bonding errors

- [gl(ng121 OW3(8) + gsWh(OW55(9) .
0
Then, the matrices A and B are shown as below
- 0 0 = —0.0803 0.0043
A=y o =] |
[ 02373 —-0. 1181]
A; =
[—0 0173 —1. 0917]

e[l
B, = [00511],

_ [0 2847]
2 - 0 )
~ _ [0.2336
B = [ 0 ]
Next, the bounding matrix is chosen as

-]

In accordance with the LMI techniques, we can obtain a
positive definite matrix Q to satisfy Eq. (26)

—0.0029

~0.1073 B
1) ] g =1 (53)

o = [75807 21983
21983 6.0794)

Nevertheless, the proposed assumption of robustness
design is satisfied and checked from the numerical
illustration in Fig. 6. Thus, according to Theorem 4.1, the
closed-loop simulation system (Eq. (42) + (40)) is
asymptotically stable.

Like other swarm information algorithms and scalable
mathematics methods, the EBA really requires optimal
solution. Therefore, the same numerical experiment needs
to be repeated in several times to check whether the
mathematics convergence simulation results are all
consistent. The medium used to transmit sound waves is air
because it is suitable for the natural and real environment
where bats are found. In addition, the overall size equals the
number of people present in the resolution space at the same
time in each iteration. The larger population size gives the
algorithm a better chance of finding the nearest solution.
However, there are a larger population needing more
memory and even computing power. Therefore, in the
numerical experiment, we reasonably set the population size
to 16.

7. Conclusions

With neuron-based and fuzzy network- based
mathematics methods of mathematics nonlinear simulation
systems ensure that the design of the the smart algorithms is
asymptotically stable in the study. First, we establish an NN
model to numerically approximate the mathematics
nonlinear numerical simulation system. These numerical
dynamics of these NN numerical models are then changed
to LDI representation. A robust design of a fuzzy controller
based on neural network is proposed to solve the impact of
modeling numerical error. These simulation results show
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that this method can make the mathematics nonlinear
simulation system asymmetrically stable. These limitations
of fuzzy logic and other Al techniques have led to further
research on how to reduce the computations and improve
the performance. A major breakthrough of this paper was
the methodology of hybridization of combining artificial
intelligence techniques by fuzzy theory, neural network and
evolutional algorithm. The principle behind hybridization is
to supplement the disadvantages with the advantages of the
intelligent technology. The limitations of the proposed
algorithm lack the practical applications. Therefore, the
future study could be the synthesis and application of the
novel developed Al hybridization into the practical
engineering problems.
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