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Abstract Based on the extensive operations of polygonal
fuzzy numbers, a GA-BP hybrid algorithm for polygonal
fuzzy neural network is designed. Firstly, an optimal
solution is obtained by the global searching ability of GA
algorithm for the untrained polygonal fuzzy neural net-
work. Secondly, some parameters for connection weights
and threshold values are appropriately optimized by using
an improved BP algorithm. Finally, through a simulation
example, we demonstrate that the GA-BP hybrid algorithm
based on the polygonal fuzzy neural network can not only
avoid the initial values’ dependence and local convergence
of the original BP algorithm, but also overcome a blindness
problem of the traditional GA algorithm.

Keywords Polygonal fuzzy numbers - Polygonal fuzzy
neural network - GA-BP hybrid algorithm - Parameters
optimization

1 Introduction

In recent years, it is an increasing interest that is combing
artificial neural networks with fuzzy system. Fuzzy neural
networks (FNN), which is made up of artificial neural
networks and fuzzy system, can learn, identify and process
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fuzzy information. So FNN is one of the most successful
examples to bring the artificial networks and fuzzy system
together [1, 2]. But FNN based on Zadeh’s extension
principle has not satisfied linearity so that some extensive
applications of FNN can be greatly restricted. Conse-
quently, in order to realize a nonlinear operation between
fuzzy numbers and improve the ability of universal
approximation of fuzzy neural networks, polygonal FNN is
introduced. The polygonal FNN is a new network which
depends on polygonal fuzzy numbers and artificial neural
networks. The connection weights and threshold of
polygonal FNN both take values of polygonal fuzzy
numbers. Furthermore, the topology of polygonal FNN is
intuitive and clear, and operations of polygonal FNN are
simple and satisfy the linearity. So, the polygonal FNN has
a stronger approximation ability than fuzzy neural network
based on Zadeh’s extensive principle [3, 4]. Generally,
when the network is fixed, its performance is determined
by parameters of the network. However, parameters opti-
mization of polygonal FNNs mainly embody in networks’
learning algorithms. Therefore, how to optimize parame-
ters of polygonal FNNs is an important goal of the net-
works’ learning algorithms.

In 2002, Liu [3] first developed a concept of n-sym-
metric polygonal fuzzy numbers and established a polyg-
onal fuzzy neural network. Because the polygonal FNNs
rely on the linear operations of polygonal fuzzy numbers to
design a learning algorithm, learning algorithms of the
polygonal FNNs are more convenient to compute than
those of the FNNs. Next, according to the above charac-
teristic, through presenting a traditional Back Propagation
(BP) algorithm for polygonal FNNs to realize parameters
optimization, Liu [4] verified the polygonal FNNs had a
better performance in the application than FNNs. But ini-
tial values’ dependence and local convergence of the
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traditional BP algorithm has not been resolved. Thus, it is
necessary to design some new and effective learning
algorithms for polygonal FNNs. In 2011, a traditional
genetic algorithm (GA), which is based on natural selection
and genetic principles, was used for optimizing parameters
of polygonal FNNs [5]. However, the traditional GA which
is a kind of global searching algorithm has a blindness
problem to make the optimization ineffective. Besides,
recently, although some learning algorithms were proposed
to optimize the polygonal FNNs [6-9], there were many
aspects to be improved. In fact, through analyzing feature
of the BP and GA algorithms, we can find that the global
searching capability of GA can resolve the traditional BP
algorithm’ deficiencies. And, feasibility and local search-
ing ability of BP algorithm can make the traditional GA get
rid of blindness problem. Thus, now, we present parame-
ters optimization of polygonal FNNs based on GA-BP
hybrid algorithm.

In this paper, we introduce the polygonal FNN based on
the extensive operations of polygonal fuzzy numbers. And
then, according to their extensive operations, we improve
the traditional BP [3, 4] and GA algorithm [5] based on the
polygonal FNN. At the same time, using the improved GA
to search a global optimal solution for the untrained
polygonal FNN, and combining the improved BP algorithm
to optimize the connection weights and threshold values, we
design a GA-BP hybrid algorithm for polygonal FNN.
Finally, through a simulation example, the results show that
a GA-BP hybrid algorithm doesn’t only overcome the initial
values’ dependence and local convergence of the BP algo-
rithms and blindness problem of the traditional GA, but also
improves the convergence rate of the polygonal FNN.

In addition, the paper is organized as follows: After the
introduction, some basic notations for polygonal fuzzy
numbers and its graphical explanation are briefly summa-
rized in Sect. 2. In Sect. 3, the structural model and the
error function of the polygonal fuzzy neural network are
given. Section 4 shows that a new GA-BP hybrid algorithm
and its parameters optimization are designed. In Sect. 5, a
simulation example for the polygonal FNN is realized.
Some conclusions are indicated in the final section.

2 Polygonal fuzzy numbers

Itis well known that one of the simplest fuzzy numbers, even
the triangular fuzzy numbers, doesn’t satisfy linear opera-
tion, so the application of fuzzy numbers is a difficult
problem. This also raises an important issue that how to
approximately achieve a nonlinear operation between fuzzy
numbers. And how to construct the appropriate FNN to
approximate a given nonlinear function can be very signifi-
cant. For this, Liu [3] was the first to put forward the concept
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of n-symmetric polygonal fuzzy number, and its operations
can be linearized. But this polygonal fuzzy numbers are a
little shortage, and he [6] revised and improved it.
Throughout this paper, we always let Rdenote the set of all
real numbers, R the set of non-negative real numbers and N
the family of all natural numbers. Let sign || - || be a Euclid
norm, F(R) the family of all of fuzzy numbers on R.

Definition 1 [3, 6] Let A € Fy(R),for given n € N,
divide the closed interval [0,1] along the y-axis into n
equal-sized closed intervals bounded by points x; =
i/n,i=1,2--- n—1.1If there exists a set of ordered real
-~,a%,ag € R with a(l)ga{ <
that A(a?) =i/n,
where ¢ = 1,2 and membership function A(x) takes straight
lines in [a} |, a!] and [a?, a? ||, where i = 1,2, ...,n (see
Figs. 1, 2).
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Then A is called an n—polygonal fuzzy number, for
simplicity, it is always denoted as follows
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Fig. 2 Mixed image of A and its 2- polygonal fuzzy number
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Generally, the value of n determines the size of nodes on
the polyline. Specially, if n =1, a 1—polygonal fuzzy
number reduces to a trapezoidal or triangle fuzzy number.
For any given fuzzy number and n € N, we can get only
one n—polygonal fuzzy number by method in Fig. 1, to
replace the original fuzzy number (see Fig. 2).

Let F"(R) denote the set of all n— polygonal fuzzy
numbers on R, and A € F{"(R") < A(x) =0, ¥x<0. In
addition, extended linear operators of polygonal fuzzy
numbers can be described in papers [6—8], This article will
do not repeat.

3 Polygonal FNN

Polygonal FNN is a kind of new network system, its con-
nection weights and threshold are polygonal fuzzy num-
bers, so its internal processing are based on the extension
operations of polygonal fuzzy numbers. In fact, the net-
work’s expression is a system that contains the arithmetics
of polygonal fuzzy numbers, and the network can process
information by a finite number of real numbers. The
research object of this article is a single input single output
(for short SISO) three-layer forward polygonal FNN.

If the input variable X, the connection weights U; and V,
the threshold @j of the hidden layer are taken values in
F{"(R), and let an activation function ¢ be a continuous
monotonic Sigmoidal function, then SISO three-layer for-
ward polygonal FNN can be denoted as follow

Y =Fn(X Z Vi-a(U;- X + 0)).

For given untrained polygonal fuzzy pattern pairs
(X(1),0(1)), (X(2), 0(2)), - ., (X(L), O(L)), where X(I),
O(l) € Fy"(R*), and X(I) denote network’s input, O([)
denote network’s expected output. If the network’s actual
output can be denoted as Y(I), then Y(I) = F,,(X(1)),
[=1,2,---, L. This moment, let

X(l) - (x(l)(l),x% (l)a T ﬂxrll(l)’xi(l)v e 7x%(l)ax(2)(l))v
?(l) = (Y(l)(l)ayi(l)a e 7yr1:(l)ayi(l)> e ,y%(l),yg(l)),
O(D = (O(l)(l)voi(l% e ’Orll(l)aoia)v T ,of(l),o(z](l)).

According to the metric D of polygonal fuzzy number
[3], we may define the error function E of polygonal FNN
as follows

Il Mh Il Mh

D
( — D) + (0] () — y?(l))2)>~

NI»—‘ l\)lH

In terms of input variable X, the network can gradually
optimized connection weights Uj;, V; and threshold @; by
learning. And this optimization can make O(l) approximate
or equal Y (/). In addition, we can also put all of adjustable
parameters  u?(j), VI(j), 0I(j) (i=0,1,---,n; j=
1,2,---,p; g = 1,2) together to express a form of param-
eters vector, denoted as w, that is

= (ué(l) “ug(1), -
u(l)(p) "‘0(17) (1)( ) ( )a""v(l)(p)a"'a
va(p), Op(1), -+, 05(1), -+, Og(p), -~ -, O3(p)) (2)

Aim at (1), the error function E can be denoted as E(w),
and its gradient vector can be denoted as

VE(w[1]) = (OE(w) /0wy, 0E(w) /0w, - - -,

w = (Wi, w2, - wy)

OE(w)/0wy).

Lemma 1 [4] Let E(w) denote the error function defined
by formula (1), thenfori =0,1,--- n;j = 1,2, -+ | p;qg =
1,2, E(w) is almost everywhere differentiable in RY, and its
partial derivate formula OF /0ul(j), OE /ovi(j), 0E /001 (j)
can exist. (Detailed expressions of several partial derivative
can be found.(see [4]))

4 GA-BP hybrid algorithm

An original BP algorithm is one of the common learning
algorithms in neural networks, and it is not only simple and
easy to implement, but also has a strong local search
ability. However, BP algorithm has slower convergence
speed and is easy to fall into minimum. For example, when
there are many extreme points in solution space, and the
initial parameters are not appropriate, BP algorithm can be
easy to fall into local convergence point to result in a bad
situation surely. In addition, a GA algorithm is a global
optimization algorithm. It combines natural selection in
biology with population evolution. The GA algorithm can
code parameters into a space of the individual, and it also
can select the optimal individual in groups by genetic
manipulation, then decode the optimal individual to restore
parameters to achieve optimization. But a traditional GA
algorithm’s iterative process is based on the same original
group, so it maybe can’t select the optimal gene in the
original group. Hence, the traditional GA algorithm can
search for the sub-optimal solution, sometimes it happens
“inbreeding” phenomenon (see [10-12]).

Accordingly, this paper combines the advantages of BP
and GA algorithm, and proposes a GA-BP hybrid algo-
rithm based on parameters optimization for polygonal FNN
(see Fig. 3).

From Fig. 3, with GA and BP interacting each other, we
can see that many parameters can be optimized by BP
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Fig. 3 Schematic diagram of
GA-BP hybrid algorithm
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algorithm (see [13, 14]). In addition, according to gradient
vector VE(w) from the partial derivative formula of
Lemma 1, we can design the GA-BP hybrid algorithm
based on polygonal FNN as follows.

Algorithm 1 (BP algorithm part): Based on polygonal
FNN, we improve the original BP algorithm to make
arithmetics of its neurons meet extensive operations of
polygonal fuzzy numbers. At the same time, we can intro-
duce dynamic learning constant and momentum constant to
accelerate searching rate. Then, parameters of the network
can be optimized to design the following algorithm.

Step 1. Forj = 1,2, - - -, p, let connection weights U;[#,],
[t1] and threshold @;[t,] € Fiy'(R") denote

Uiln] = ()l DIl u, (Dl g (DIl -
ui ()], up () [1)).

Vj[tl] = (V(])(j)[tlLvi(j)[tlL U 7Vr]z(j)[t1}>vi(j)[tl]ﬂ T
i)l ve()ln)),

éj[tl] = (9(])(/>[t1]’ 0}0)[t1]7 T Q;O)[tl]7 Hi(j)[tl]v T
01()n], 65 n))-

We make the number of iteration step f; = 0, and randomly
select initial values U;[0], V;[0], ©;[0] (j = 1,2, - -, p), and
for given error accuracy ¢ > 0.

Step 2. For [ =1,2,---,L;j=1,2,---, p;i=0,1,---,
n;q = 1,2, according to Lemma 1, we calculate the partial
derivatives OE/0ul(j), OE/0v!(j),0E/d0%(j), where the
iterative formula of the connection weights’ component
ul(j), v1(j) and threshold’s component 07(j) can be deno-
ted as

@ Springer
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where differentials  Au!(j)[t;] = ul(j)[11] — ul(j)[n — 1],
AVG) 1] = VG ] =1G) 1 — 1], A6 G)[] = 09()
(1] — 01(j)[ry — 1], this n, o denote learning constant and
momentum constant.

Step 3. Through the above iteration formulas, we can
calculate components u! (j) [ty + 1],v{ (j) [r1 + 1], 07 (j) [t + 1]
(g=1,2;i=0,1,---,m;j=1,2,---,p). According to
incrementally reorder, the new order relation of polygonal
fuzzy numbers are obtained as follows:

Wl + 1< (i + 1< - <up ) + 1)
<up () + 1< <uf()n + 1] <ug ()ln +1;

vo N[+ 1< (Dl +1]< - <V (Dl + 1]
<V 1] < - <vEG) [+ 1] < vg ()t + 1;

Oy (N[ + 1< 0P (D +1]< - <0, () +1]
<O+ 1)< - <OP)[n + 1] <05 ()n + 1.
Step 4. For ¢ >0 and [ = 1,2, - - -, L, whether D(Y (1),

O(l))<e. If they fulfill, then output U1, Vi[t],
O,n](G=1,2,---,p) and O(l) (I=1,2,---,L); other-
wise, let t; = #; + 1, and turn to Algorithm 2.

Note 1. According to [15-17], based on extensive

operations of polygonal fuzzy numbers, we can improve
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learning constant # and momentum constant o in Step 3 to
make them become functions about iteration step #;. Let

_ o1 Lo EGwin])
= = R
oty - JAECY])

>SS [AE(w )|
where, AE(w [t]) = E(w[t1]) — E(w [y — 1]), w [t1] denote
the parameter’s vector of #; step. Clearly, when #; =0,
E(w[0]) is usually a large number, i.e. E(w [0]) = 100. And
pois a small constant, i.e. 0.01.VE(w [#;]) can be denoted as
gradient vector of E in step #;, so we can get that

VE(w[t,]) = (OE(w)/0w;,0E(w)/0wa,...,0E(w)/Owy).

Algorithm 2 (GA algorithm part): Based on polygonal
FNN, we can use network’s parameters as an initial group
of GA algorithm. The original single group can be denoted
as multiple groups, and we can also adjust crossover and
mutation probability dynamically. This improved GA
algorithm is not only easy to combine with BP algorithm,
but also avoids the above disadvantages. And it can search
for the global optimal solution to optimize parameters
better than the traditional GA algorithm.

Step 1. Given searching accuracy y > 0, and the number
of iteration step r, =0, for j = 1,2,---,p, let

gl = | min o uf()ln]
dplte] = | min _ vIG)n]
dppl] = min _  O7()[n]
bl = max  ui()n]
bpplt] = | max Vi),
bisoplta] = max  07(j)[n]

0< i <nyqg=1.2

Step 2. For eachj =1,2,--- 3p, let each parameter’s
vector of binary string length denote [; = log,((a;[t]
—bj[t:])/y) In addition, [ denotes a group’s gene pool of
binary string length, i.e. [ = max{/,,l»,...,[3,}. According
to (2), we let w [t] = (w1 [t2], walt2], - - ., wn[f2]), and for all
i=1,2,...,N, and approximately, each parameter’s com-
ponent can be expressed as a binary number f;[t] €
@ (wiltz] — Bilr2]).-

Step 3. Based on Algorithm 1, we randomly generate m
groups of N individuals. (Total of groups expands as my.)
To calculate easily, we introduce fitness function J(w) =
1/(1+E(w)), and for Bik)[L]i=1,2,...,N;
k=1,2,...,mp), decode to transform w'(k) [] = (W (k)
(2], wh (k) [r2], . . ., wh (K)[t2]), then calculate J (W' (k)[z2]).

Step 4. According to the roulette wheel selection (see
[9]), for k =1,2,...,my, let survival probability of each
individual f;(k)[rz] denote pr= J(W(k)[r2])/ D 1%,

J(W'(K')[f2]). Let single-point crossover operator
p: @, — @,,, randomly select two-to-two individuals
(i(k1)[t2), Bi(k2)[r2]) from myg groups, then based on
crossover probability p(f;(ki)[t.], f:(k2)[f2]), we can get
two new individuals (B;(k,)[t2 + 1], Bi(ky)[t2 + 1]). In
addition, the group of new individuals can be denoted as
k)t +1](i=1,2,.. ,N;k=1,2,...,my).

Step 5. For all i =1,2,...,N;k=1,2,...,mgp, decode
component f;(k)[t2], then transform w/(k)[, + 1] =
(W (k) [t + 1], wh(k)[t2 + 1],..,wi(k)[r2 + 1]), so we
need to recalculate J(w'(k)[t, + 1]), and let

Whest|t2 + 1] = max{J(W'(k)[a + 1]) | k = 1,2,...,mp}.

Step 6. Judge k=ky, for each i=0,1,2, ... n
j=1,2,...,p, whether wp«[t2 + 1] satisfies the following
formula.

wi () (ko) [tz + 1] S wik, () (ko) [t2 + 1] < w2, () (ko) [12
+ 1] <w2(j) (ko)[t2 + 1].

If the above expression is established, then turn to step
7; otherwise, for all j =1,2,...,p, sort with selection
method from small to big, and turn to step 7.

Step 7. Judge whether J(W (ko)[r2 + 1]) > J(W (ko)[t2]).
If they fulfill, let #; = #; 4+ 1, and turn to step 2 in Algo-
rithm 1; otherwise, let ©, =, + 1, and turn to step 1 in
Algorithm 2.

Note 2. The problem in this paper is a discrete optimi-
zation problem, so in the section of GA algorithm, we can use
the binary to represent each individual’s gene. This method
can make encoding and decoding operations easy, and sim-
plify crossover and mutation evolutionary processes.

Note 3. In Algorithm 2, to maintain the diversity of
population and parameters optimization, and prevent pre-
mature phenomenon, we can use dynamic crossover and
mutation probability. Let the number of evolution step
A=100, for k =1,2,..., mp, and crossover probability
denotes ¢&[r;], mutation probability denotes {;[t,], then
their formulas are that

ék[l‘z] = { lirl\;x//l’ ék[tz] > émin .

imim 61( [52] S émin ’
_ Cmax ceTH Aa é’k[ZZ] > gmin
Ck [tﬂ B Cmina gk [IZ] < Cmin '

Generally, crossover probability &;[t,] is taken values in
0.4-0.99, and mutation probability {;[,] is taken values in
0.001-0.1. So we can let minimum of crossover probability
Emin = 0.4, maximum of crossover probability & .. =
0.99, minimum of mutation probability (.;, = 0.001, and
maximum of mutation probability (., = 0.1, and p = 0.1.

Note 4.The decoding process in step 3 and step 5 of
Algorithm 2 is the following process. Firstly, we can cal-
culate the decimal number d;(j) based on the corresponding
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Fig. 4 Structure of boiler drums water level control system

binary number. Then, according to the following formula,
we can get the actual network’s parameters w;(j)[f] :
wi(j)[2] =

dl(]) . 'V/ +aj[t2] (l =1,2,...2n+2;j=1,2,.. .,p),
where 7' denotes actual searching accuracy after encoding,
and the computing formula of o is that

Y = (bilta] — g[na]) /(2" = 1).

5 A simulation example

To discuss parameters optimization’s influence of polygo-
nal FNN based on a GA-BP hybrid algorithm, this paper
can apply the optimization to the simulation model of
boiler drum water level control (see [18, 19]). We can see
the structure of model system as follows (see Fig. 4).

Generally, boiler drum water level control model can be
expressed as G(s) = k/s(Ts + 1), where s denotes level, k
denotes rate of water level, and T denotes time (see [20,
21]). According to the actual parameters of the boiler drum
water level, the transfer function of the water flow about
water level can be denoted as G(s) = 0.0037/(30s* +s).
Based on a SISO network, traditional PID controller can be
denoted as ultf] = K - Ah[f] + C. In fact, when a boiler is
working, the rating of water level must be maintained
between —0.08 and 0.08 m. So, to the error of water level
Ah, the range should be [—0.08 m, +0.08 m|. This paper
takes the interval [—3,3] as range of the level’s error 4h
and the direct voltage u, then the coefficient
K =3/0.08 =37.5.

Then we can design the controller of polygonal FNN,
and the number of fuzzy inference rules L = 7. Antecedent
polygonal number X(I) can be denoted as water level’s
error, and consequent polygonal number O(I) can be
denoted as direct voltage. We can use the single-input—
single—output relationship as the above polygonal numbers,
then we can get fuzzy pattern pairs of polygonal FNN
(X(1),0()), 1 =1,2,...,7. To simplify, let n =4, and
randomly select actual input X (/) and expected output O(l)
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corresponding to 4-polygonal fuzzy pattern pairs (see
Tables 1, 2).

From the above Tables 1, 2 showed two 4-polygonal
fuzzy pattern pairs, we can draw the membership func-
tions’ curves of the actual input X(/) and expected output
O(l) (I =1,2,...,7) with Mathematica software in Figs. 5,
6.

We can apply the original BP algorithm, the traditional
GA algorithm and the GA-BP hybrid algorithm to

Table 1 Trained 4-polygonal fuzzy pattern pairs

l Actual inputX (/)

=1 (-3.00, —3.00, —3.00, —3.00, —3.00, —2.85, —2.70, —2.60,
—2.50, —2.35)

=2 (-2.65, —2.50, —2.40, —2.30, —2.15, —1.85, —1.70, —1.60,
—1.50, —1.35)

=3 (-1.65, —1.50, —1.40, —1.30, —1.15, —0.85, —0.70, —0.60,
—0.50, —0.35)

=4 (-0.65, —0.50, —0.40, —0.30, —0.15, 0.15, 0.30, 0.40, 0.50,
0.65)

=5 (0.35,0.50, 0.60, 0.70, 0.85, 1.15, 1.30, 1.40, 1.50, 1.65)

=6 (1.65,1.50,1.60, 1.70, 1.85, 2.15, 2.30, 2.40, 2.50, 2.65)
=7 (2.65,2.50, 2.60, 2.70, 2.85, 3.00, 3.00, 3.00, 3.00, 3.00)

Table 2 Trained 4-polygonal fuzzy pattern pairs

l Expected outputO(I)

I=1 (-3.00, —3.00, —3.00, —3.00, —3.00, —2.90, —2.85, —2.70,
—2.65, —2.40)

=2 (-2.60, —2.35, —2.30, —2.15, —2.10, —1.90, —1.85, —1.70,
—1.65, —1.40)

=3 (-1.60, —1.35, —1.30, —1.15, —1.10, —0.90, —0.85, —0.70,
—0.65, —0.40)

=4 (-0.60, —0.35, —0.30, —0.15, —0.10, 0.10, 0.15, 0.30, 0.35,
0.60)

=5 (040, 0.65, 0.70, 0.85, 0.90, 1.10, 1.15, 1.30, 1.35, 1.60)

=6 (140, 1.65,1.70, 1.85, 1.90, 2.10, 2.15, 2.30, 2.35, 2.60)
(2.40, 2.65, 2.70, 2.85, 2.90, 3.00, 3.00, 3.00, 3.00, 3.00)
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Fig. 6 Consequent 2-polygonal fuzzy numbers

parameters optimization based on polygonal FNN. Let
transfer function ¢(x) = 0,x<0; a(x) = x/(1 + x?), x>0,
and error accuracy ¢ = 1073, searching accuracy y = 1079,
total of groups my = 40, where the number of hidden layers
is 14. If error function E(w) satisfies the condition or the
algorithm’s iteration is stopped, we can get the following
optimization results (see Table 3).

From Table 3, we can see that the GA-BP hybrid
algorithm can reduce the number of iterations to 174, and
greatly reduce the number of local minimum. This algo-
rithm doesn’t only overcome slow convergence of the
original BP algorithm which is easy to fall into local
minimum, but also enhances the ability of the GA algo-
rithm’s global searching to improve the rate of polygonal
FNN’s parameters optimization. The optimized parameters
of the above three algorithms are applied to polygonal
FNN’s controller in the boiler drum water level control
system, and we can get the system’s simulation results by
comparing PID controller (see Fig. 7).

Clearly, from Fig. 7, we can get that the system of the
simulation curve’s amplitude is small, and the system
responses fast, control accuracy is high, and it has the best
optimization result by parameters optimization of the GA-
BP hybrid algorithm based on the polygonal FNN’s con-
troller. In addition, comparing with the original BP and the
traditional GA algorithm, parameters optimization is
improved, and reduces the system’s overshoot and
responding time greatly by the GA-BP hybrid algorithm.
Then the system can be adjusted to a steady state in short
period of time, and also improved its stability. The result
shows that parameters optimization of the GA-BP hybrid
algorithm for polygonal FNN is better than others. And the
optimization doesn’t only get rid of the dependence of the
original BP algorithm’s initial points and local conver-
gence, but also overcomes the random and probabilistic
problem of the traditional GA algorithm. Therefore, the
optimization can lay the foundation to study the good
performance of polygonal FNN in the future.
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Table 3 Comparison of parameters optimization results among three
algorithms

Algorithm  Iterations Convergence Number of local minimum
BP 532 392s
GA 403 565 s 2
GA-BP 174 430 s 1
1.4
I
n
12} 4
ur
1 AN vv vl/—\v—v
osf 4
v
osf 4
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nr:
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Fig. 7 The simulation curve of boiler drum water level control
system

6 Conclusion

In this article, based on the expansive operations of
polygonal fuzzy numbers, we combine the BP algorithm
with the GA algorithm, and design a GA-BP hybrid
learning algorithm for polygonal FNN. Finally, we prove
the effectiveness of the GA-BP hybrid algorithm by sim-
ulation examples. In fact, because the algorithm is com-
plex, it results in its convergence’s time to be slightly
longer than the BP algorithm. In addition, we don’t add the
other convergence criteria to solve the global optimal
value, and the GA algorithm has blindness and probabi-
listic problem. Hence, the algorithm maybe doesn’t reach
the optimal solution, but just approximate the optimal
value. So how to design simple and practical algorithm for
polygonal FNN is a further research. For example, join
A-G criteria of the dynamic convergence condition to solve
the global optimal value. In addition, it is worth studying
further to improve the parameters’ iteration formula of the
BP algorithm appropriately.
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