Neurocomputing 275 (2018) 2239-2250

journal homepage: www.elsevier.com/locate/neucom

Contents lists available at ScienceDirect

Neurocomputing

Self-evolving function-link interval type-2 fuzzy neural network for
nonlinear system identification and control

Chih-Min Lin®*, Tien-Loc Le®®, Tuan-Tu Huynh®P

2Yuan Ze University, Taoyuan, Taiwan

@ CrossMark

b Department of Electrical Electronic and Mechanical Engineering, Lac Hong University, Bien Hoa, Viet Nam

ARTICLE INFO ABSTRACT

Article history:

Received 28 May 2017

Revised 1 August 2017

Accepted 1 November 2017
Available online 9 November 2017

Determining a network size for a fuzzy neural network structure is very important, and it is often dif-
ficult to obtain the most suitable value. This study develops a self-evolving function-link interval type-2
fuzzy neural network (SEFT2FNN) that autonomously constructs the rule base with the initial empty and
the membership functions. The function-link is applied to an interval type-2 fuzzy neural network to give

a more accurate approximation of the function. The adaptive laws for the proposed system are derived

Communicated by Prof. Qi Zhou

Keywords:

System identification
Interval type-2 fuzzy system
Neural network
Self-evolving algorithm

using the steepest descent gradient approach. The stability of system was guaranteed using Lyapunov
function approach. Finally, the performance of the proposed system is verified using the numerical sim-
ulations of the nonlinear system identification and the control of time-varying plants.
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1. Introduction

In recent years, many studies have combined the fuzzy infer-
ence system and neural networks to produce fuzzy neural net-
works (FNNs) [1-6]. The fuzzy set theory was first introduced by
Zadeh in 1965 [7]. It used linguistic variables and membership
functions to describe the degrees to which elements belong in
fuzzy sets. These system are categorized as type-1 fuzzy logic sys-
tems (T1FLS). Since then, flexible features, intuitive knowledge, and
easy computation have meant that the T1FLS has been widely ap-
plied to a variety of fields [8]. Because T1FLS are precise sets, the
process cannot deal with the uncertainty that arises from internal
and external disturbances [9]. Therefore, in 1975 Zadeh developed
the concept of type-2 fuzzy logic systems (T2FLS), which takes ac-
count of the uncertainty in membership functions [10]. Previous
studies [11-13] showed that under the same condition, a T2FLS
copes better with the uncertainties than a T1FLS. In order to re-
duce the computational cost, interval type-2 fuzzy logic systems
(IT2FLS) were proposed by Liang and Mendel [14]. Since then, the
IT2FLS has been the subject of study in various fields, such as con-
trol problems, system identification, prediction and classification
[15-24]. In 2009, Castro et al. presented a hybrid learning algo-
rithm for a class of interval type-2 fuzzy neural network [20]. In
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2009, Hagras and Wagner proposed the interval type-2 fuzzy logic
controllers - towards better uncertainty handling in real world ap-
plications [21]. In 2013, Castillo et al. introduced the universal ap-
proximation of a class of interval type-2 fuzzy neural networks
in nonlinear identification [22]. In 2014, Castillo et al. provided
the application of interval type-2 fuzzy neural networks in nonlin-
ear identification and time series prediction [23]. Following that,
in 2015, Gaxiola et al. presented the optimization of type-2 fuzzy
weights in backpropagation learning for neural networks using GAs
and PSO [24]. However, because of the fixed structure, it is diffi-
cult to determine suitable fuzzy rules of the system. Many stud-
ies have proposed a self-organizing algorithm that autonomously
determines the network size for a fuzzy neural network [25-28].
In 2008, Juang and Tsao proposed a self-organizing type-2 neu-
ral fuzzy system and applied for the non-linear system identifica-
tion and a truck braking control problem [25]. In 2009, Lin and
Chen proposed a self-organizing cerebellar model articulation con-
troller for multi-output multi-input uncertainty nonlinear systems
[27]. In 2017, Lin and Le proposed the PSO-self-organizing inter-
val type-2 fuzzy neural network for antilock braking systems [28].
However, the disadvantage is that the initial design of the net-
work significantly affects the control performance, and it requires
knowledge about the system to design the initial rules and mem-
bership functions [29,30]. A self-evolving algorithm was proposed
that autonomously constructs the IT2FNN using the empty rule and
membership functions. In 2014, Lin et al. presented a self-evolving
compensatory interval type-2 fuzzy neural network for systems
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identification and prediction problem [31]. In 2016, Moham-
madzadeh et al. proposed a new self-evolving non-singleton type-
2 fuzzy neural network to control fractional-order chaotic systems
[32]. However, compared with function-link IT2FNN, this structure
does not have a sufficient number of adjustable free variables and
its performance could be improved.

A functional-link network (FLN) was developed by Pao in 1989,
which can enrich the input information by function expansion [33].
It has been successfully applied in many fields, such as prediction,
classification, system identification, pattern recognition and control
problems [34-39]. Many studies have used the FLN to improve the
performance of control systems. The input representation is en-
hanced using trigonometric functions that are expanded in an ex-
tended space [34]. The output from the FLN is generated by a non-
linear combination of the input variables, so approximation of the
nonlinear function is more accurate [39].

The main motivation of this study is to construct a neural net-
work controller which does not need to design the initial structure
of network in advance, and the on-line learning will self-construct
the network to the suitable structure. In this study, a self-evolving
algorithm and a FLN are applied to an IT2FNN to enhance the
performance of the network. This proposed network structure is
referred to as a self-evolving function-link IT2FNN (SEFT2FNN).
The main contributions of this study are the development of a
SEFT2FNN that incorporates adaptive laws for updating parame-
ters and the design of a self-evolving algorithm that autonomously
constructs a network from an empty structure and the empty rule.
The convergency of the proposed algorithm is proven by Lyapunov
function analysis approach. The design of the function-link net-
work for IT2FNN helps the updating parameter have more ad-
justable free variables, which improves the accuracy of the sys-
tem. Comparison with the previous type-2 fuzzy neural networks
in [20-24], the proposed SEFT2FNN has some advantages such as
it does not request to set the initial structure in advance, the FLN
gives more freedom for adjusting the parameters of IT2FNN, and
more simple computation. Finally, the numerical simulations of
system identifications and the control of time-varying plants are
conducted to show the advantages of the proposed method than
other methods.

The remainder of the paper is organized as follows.
Section 2 presents the structure of the function-link IT2FNN.
Section 3 details the self-evolving algorithm and parameter
learning for the SEFT2FNN. Section 4 shows the simulation
results for non-linear system identifications and the control
of time-varying plants. Finally, the conclusions are discussed
in Section 5.

2. Function-link IT2FNN control system

Fig. 1 shows the structure of the proposed SEFT2FNN network
system with a self-generated structure. The structure of function-
link is shown in Section 2.1. The detail steps for constructing the
function-link interval type-2 fuzzy neural network is provided in
Section 2.2. The parameters are adjusted using the adaptive laws
that are designed in Section 3.

2.1. Function-link network

In many studies of fuzzy inference systems, the weights that
are used in the consequent part of fuzzy rules are often given by
singleton values and are updated using adaptive laws. In this study,
the fuzzy weights are determined using the FLN and updating
indirectly uses the update laws for the weights of the FLN, so there
are more design parameters, which allows a better approximation.
Fig. 2 shows the structure of the FLN. This study uses a trigono-
metric function to expand the function expansion because it is

more compact and the orthogonal basis functions (sine and cosine)
can be computed more quickly [36]. In the FLN model, an input
vector, I =[ij, iy, ...,in]7, is enhanced as ¢ = [¢1, @2, ..., PmlT,
where I and ¢ are the input and output vector of function
expansion block, respectively. m is the number of elements in
the function expansion output and n is the number of ele-
ments in vector input. For instance, if I=[ij, i1,i3]7 then ¢ =
[i1, sin(riy), cos(miy), iy, sin(mwiy), cos(mwiy), i3, sin(iwiz), cos(mwiz),
iyiy, i1i3, ixi3, i1i2i3]7. The jth output of FLN can be expressed as

m
wj = 01}'(151+QZJ¢2~~+Qmj¢m=qu‘j¢i=qu-¢ (1)
i1

where q; = IQ]ijZj---vqmj]Tv ¢ =1[¢1.61....¢m|", and g; are the
weights for the FLN that connect w; and ¢;. Initially, g; has an
initial value and this is updated using the adaptive law that is pre-
sented in the following sections.

2.2. The function-link interval type-2 fuzzy neural network

In the IT2FNN, the relationship between the consequent and the
antecedent is explained using an IF-THEN rule. The j™ rule has the
following form:

IF x1 is X;; and...and x; is X;; and... and x, is X,;

THENo; = W; (2)

where )?ij is the type-2 fuzzy membership function for the jth rule
of the ith input (j=1,..., M and i=1, ..., n) and Wj is the
type-2 fuzzy membership function for the jth output. All param-
eters in the consequent and antecedent parts are updated using
the adaptive laws that are detailed in Section 3.2.

The structure of the interval type-2 fuzzy neural network is
shown in Fig. 1, It has six layers: an input layer, a membership
function layer, a firing layer, a weight memory layer, a pre-output
layer and a final output layer. They are described below.

1) The input layer: there is no computation in this layer. All of
the input variables from this layer are directly transferred to
the next layer.

2) The membership function layer: In this layer, the member-
ship grades are determined using the input variables, x;, and
a type-2 fuzzy membership input function, )~(,-j. In this study,
Xij is defined as a type-2 Gaussian membership function
(T2GMF) that has one mean and an uncertain standard de-
viation, o € [01,0,] (see Fig. 3). Using the T2GMF, the mem-
bership grades, Mg, . are described by the upper and lower

membership functions (UMF and LMF)

2
- 1 Xi — m,~j
Mij = €Xp —2< & (3)

2
Ky = exp _2<IU,,”> (4)

2

3) The firing layer: In this layer, each node is produced using
a t-norm operator. The firing strength of the ith rule is an
interval value F' = [f, f'], where f and f'are given by:

fi= [ ] (5)
i1

f = Hﬁij (6)
=1
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Fig. 3. Interval type-2 Gaussian membership function.

4) The output weight layer: Each node in this layer is the
weight of IT2FNN and is determined by the output of the
FLN. From Fig. 3 and (1), the output weight, w, is derived
as:

qn qm1 1
: = QT¢ (7)
1k Gmk ¢m

The consequent part of the function-link IT2FNN uses a type-2
fuzzy set to determine the upper bound and the lower bound of Q
as Q and Q, respectively. The interval value for the vector output
weight [W, w] is then derived. For the ith rule, the output weight
is an interval value, w! = [w!, Wi].

5) The pre-output layer: This layer calculates the left and right
output limits by combining the output of layer 3, firing
strength [f', fi], and layer 4, output weight [wi, Wi]. The
Karnik-Mendel (KM) algorithm is also used to adjust the
contribution of the upper and lower values in the firing
strength [40]. Therefore, the output [y;,y;] is given by:

Y, fiw
V= (8)
Yic fi
M iz
Y fiw
yr = szl}/lfr : (9)
Zi:l fr
where the firing strengths, f and f}, are chosen as
. fi. i<l
fi= {)fcz il (10)
| <R
fi= {f_l R (11)
, i>

where L and R respectively represent the left and right switch
points, which are determined using the KM algorithm. The detail
of KM algorithm is shown in Appendices A and B.

6) Output layer: This layer is the final output of the function-
link IT2FNN (FT2FNN). The output of the previous layer is an
interval set [y, yr]. The average operation is used for defuzzi-

fication:
+
y= i i Yr (12)

The FT2FNN requires suitable rules, which significantly affect
the estimation accuracy of the network. A large number of rules
result in a very high computational burden, which is unsuitable for
real-time applications. A small number of rules may be inadequate
to achieve the desired performance. To overcome this problem, this
study uses a self-evolving algorithm to autonomously construct
the structure of the FT2FNN, which is presented in the following
sections.
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3. Self-evolving algorithm and parameter learning

3.1. Self-evolving for function-link interval type-2 fuzzy neural
network

In self-evolving algorithm, the architecture of the FT2FNN is au-
tomatically generated from an empty structure. In the initial run,
the self-evolving algorithm uses the input information to generate
the first Gaussian function (GF) for the input membership function
and for the weight for the defuzzification operation. When the in-
put changes, the algorithm then determines whether to generate
new rules or to delete inappropriate rules or when to update the
existing rules (the GFs and the weights).

New rules are generated by comparing the prior threshold and
the maximum contribution of GFs to the rule, which is represented
by the membership grade. The condition for generating a new rule
is: If (G; <Tyg), the new input data is far from the existing member-
ship function, so new rule is generated. T is the prior threshold
for generating rule and G; is the maximum membership grade of
the Ith input, which is given by

Gy = max[pn, M, .., Wyl (13)
where the interval membership grade is given by:

1/.
W= 5 (MU +g,j) (14)

The initial values for the mean and the variance of the new rule
are defined as:

ﬂ’ll,v.l(k)Jrl = ll(k) (15)

ij

= [Opic + AO,  Oinie

[5.“.”“0“, — Ao | (16)

! g?;’(k)ﬂ]

The vector g+ =
is defined as
G = [Ginies Ginies -« - Ginie]” € K™ (17)
where M(k) is the total number of rules at the kth step, Ao is half
of the uncertain variance, o,; and gj,; are the initial values for
the variance and the function-link weight, respectively, m is the
number of elements in the function expansion output.

The values for Ao and o,; significantly affect the network sys-
tem. Fig. 3 shows if the values of Ao is extremely small, the un-
certainty in the GFs is very small and it becomes a type-1 fuzzy
set. If the values of Ao or o are extremely large, the GFs cover
all input domains and a smaller number of rules is generated [25].
For extremely small values of o ;,;, the degree of over-lapping be-
tween GFs is small, so a very large number of rules is generated.

The process of deleting existing rules also takes account of
the contribution of GFs, which is determined using the minimum
membership grades, D;, and is given by:

Dy = arg min[pn, Wi, ..., Ll (18)

If (D; < Ty) the minimum membership grade, D;, of the Ith input
is smaller than the prior threshold, Ty, for the deletion of a rule, so
the Ith rule is deleted.

Using this automatic generation and pruning method, the
proposed SEFT2FNN can determines the optimum number of
rules. Fig. 4 shows the flowchart of the structure and pa-
rameter learning for the proposed method. The online learn-
ing for updating parameters is presented in the following
sections.

(g1 q"®)+1] is the weight of FLN and

3.2. The SEFT2FNN parameter learning algorithm

For system identification, the input data is used to train
the network and the final output from the SEFT2FNN is also

the output of the system. An estimation system identification,
Yserr2enn (§, 4, M5, 645, 645), allows an online estimate of the de-
sired output, y,.

The tracking error defined

vector for the system is

as  e(k) =[e(k), ék), ....emDI)T en™ where e(k) is
defined as
e(k) = ya(k) — Jserrarnn (k) € R (19)

where y4(k) is the desired output for the system and Jsgrropnn (k)
is the output of the SEIT2FNN.

To ensure accurate identification, this study uses a high-order
sliding mode from [41-43]

n—I-1
(n— N
s(k) = Z T T 1)1 <8k) e

= e(” Dy m—1Dre™2 4 (n—2)A2e™> L Ale (20)

where A is a positive constant, that defines the slope of the sliding
surface.
Taking the derivative of (20)

S(k)y = e™ + (n—1)Ae™ D 4 (n—2)A%e™2 . 4 AT

= eM 4 KTe (21)
where K =[(n— 1A, (n—2)A%,....
gain vector.

If the values for n and A are selected to correspond to the
coefficients of a Hurwitz polynomial, then klim e(k) = 0. The Lya-
— 00

A-1T e 27-1 is the positive

punov cost function is chosen as V;(s(k)) = %sz(k), so Vi (s(k)) =
s(k)s(k). Using (19) and (21), yield

Vi(s(k)) = s(k)YE — Pepropny + KTe (22)

An online learning gradient descent algorithm is applied to
minimize V;(s(k)). Therefore, the online tuning laws for the pa-
rameters of a type-2 fuzzy system are given by the following equa-
tions:

@i(k+ 1) = (k) 85(I<)Asl(l<) (23)
oq
T )=, 5050 (24)
3q
gl 1) = il — i 2 20 (25)
Fythk+ 1) = 5y — 7y S0 (26)
1
N . N S (k
6k + 1) = 6,k — iy 0P (27)
Yij

where #jg, im, fjo are the learning-rates for updating the function-
link weights, the means and the variances, respectively. Applying

the chain rule for the derivation term in (23)-(27), gives:
85(1()5(]() _ Bs(k)s(k) BYSEFTZFNN 8}/[ 87@1 __ 2 ( ) f ¢
aq OYserrarnn OY1 W' 9q' YL f
(28)
ds(k)s(k) _ ds(k)s(k) OPserraenn Ay OW 1 fi
=i 97 =i o —5S(k) M 1
9q OFSEFT2FNN oyr ow 0q 2 Y i
(29)
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i1 fl' mj Yoo fioomyj ; ; ; N2
3[ _ 8£ a&] B l(xj —m,‘j) (35)
dsos) _ 1 dsdosch) oy Aff dy. of 96y~ A’ 80 (@)’
30 2 0yserrarnn \ Of] 364 9f1 855
_ Ca - ~ \2
woy) afi (W-y) af off _ Oft ORG  4(x — )
= —%s(k) (7,\47)/1) fl +(M7yr,) 85 G 35, " o 35{ =3 (36)
SIS 06y XML 06y A R (o)
ds(sk) 1 3sk)sck) By, Ofi | By. B of  af o (xy—y) .
96, 2 09srmae \9f 065 0ff 95, 9, w95, L (5 G7)
1 (W —y) afi (W —y) afi
= *js(k) T’aA +M718A (32) _. -, - ~ 2
Yo ff 99 YL ff 995 afft ofi Ay o (%) — i) (38)

From (10) and (11), the elements f/ and f} in (28)-(32) can be
f or fi
of _ of

oty — I iy (33)

A - - A — N 3
00y 0ty 9, (64)
Using the online tuning parameter that is detailed in (23)-(27),
the SEFT2FNN identifier is obtained and the system can achieve the
desired performance. The stability of system is guaranteed using
Lyapunov function approach, and it is proven in Appendix C.
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Fig. 6. The result of identification non-BIBO plant after 200 epochs training.

4. Simulation studies
4.1. System identification problems

The scheme for system identification is shown in Fig. 5. The
term, z7", is the step delayed value for signals. For example, the
signal y(k — n) represents a signal y(k) that is delayed n steps. The
input for the system identifier SEFT2FNN is the nonlinear plant in-
puts, u(k), u(k—1),..., u(k—n), and the delay in the nonlinear
plant output is y (k— 1), y4(k—2), ...,y4(k —n). System identi-
fication requires that the errors between the nonlinear plant out-
put y4(k) and the output of Jsgrropny converge to zero for all input
values of u(k). This study uses three inputs, u(k), y;(k—1) and
yq4(k —2), to train the SEFT2FNN for all simulations. All the train-
ing data are the same as those used in [16,44]. To limit the cost
of computation, the maximum number of T2GMF in each input is
limited to 7 MFs.

Example 1: Identification of a non-BIBO nonlinear plant

The non-bounded-input bounded-output nonlinear plant (non-
BIBO) used in [43] and [44] is described as

y(k+1) = 0.2y*(k) +0.2y(k — 1) + 0.4sin(0.5(y (k)
4y (k—1)))cos(0.5(y(k) +y(k —1))) + 1.2u(k) (39)

where u(k) is the input signal, which is u(k) = 0.5e~%1%Tosin (5kTy),
and Ty = 0.001 is the sampling time.

The SET2FNN is trained for 200 epochs using 500 samples.
Fig. 6a shows the output for a non-BIBO system, y4(k), and the
output for the identifier, Jsgrropnn (k). Fig. 6b shows the tracking
error between y,(k) and Jsgrropnn (k) during the online identifi-
cation. Fig. 7 shows the evolution of the root mean square error
(RMSE) during 200 epochs of training. Fig. 8 shows the change in
the number of input membership functions during 200 epochs (to-
tal sample is 500*200). The change in the number membership
functions is not shown clearly because the algorithm converges

0.25 T T
IT2FNN
—SET2FNN
——SOT2FNN
0.2+ —SEFT2FNN
0.15 B
w
(2]
=
[+
0.1 b
0.05( B
100 150 200
Fig. 7. The RMSE during 200 training epochs.
S5r 4
o
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o . L . L
o 2 4 6 8 10
(b) Number of MFs for input 2 %104
5r 4
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4] 2 4 6 8 10
200 epochs *500 sample %104
(c) Number of MFs for input 3
Fig. 8. The number of input MFs during 200 training epochs.
w 1 ' J ' —SEFT2FNN
a2 b - - non-BIBO
g o
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(a) Output of non-BIBO plant and Ouput of SEFT2FNN
5|
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o 100 200 300 400 500
(b) Numl:ger of MFs f9r input 1

o 100 400 500

200 300
(c) Number of MFs for input 2

(] 100 200 300 400 500
Samples
(d) Number of MFs for input 3

Fig. 9. The result during 1 training epoch.

quickly to a suitable structure after training for a few epochs.
Fig. 9 shows the result during training one epoch. It shows that
the changes in the input membership functions only occur for the
first 50 samples. When the error converges to zero, the number of
rules quickly converges to an optimum number. Table 1 compares
the RMSE values and computation times for the IT2FNN, a self-
organizing IT2FNN (SOT2FNN), a self-evolving IT2FNN (SET2FNN)
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Table 1.
Comparison results in RMSE of non-BIBO plant.

Computation time (s)  RMSE

IT2FNN 0.410 0.0092
SOT2FNN [28]  0.458 0.0083
SET2FNN 0.472 0.0076
SEFT2FNN 0.507 0.0065

1 " [—sEFT2FNN
5 -- BIBO
£ o —
=
(@]
1+
0 50 100 150 200
Sample
(a) Output of BIBO plant and Output of SEFT2FNN
0.1 T T T
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Fig. 10. Identification BIBO nonlinear plant.
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14
0.15 1
0.05 {\%k :
0 1 I 1
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Epochs

Fig. 11. The RMSE during 200 training epochs.

and Self-evolving function-link IT2NN (the proposed method). This
comparison shows that the proposed SEFT2FNN performs better, in
terms of identification than the other methods. However, compu-
tation time is greater.

Example 2: Identification of a BIBO nonlinear plant

In this example, the nonlinear bounded-input bounded-output
(BIBO) nonlinear plant that was used in [15] and [16] is used to
evaluate the performance of the SEFT2FNN identifier

yk-1)

k) =u(k)® + ———~2—
vy =’ + 20—

(40)

where the input signal is given as u(k) = sin(%(’f).

After training for 200 epochs, using 200 samples, the SET2FNN
identifies the plant with a small error. Theoutput for the BIBO non-
linear plant, y4(k), and the output of the identifier, Jsgrropnn (k), are
shown in Fig. 10a. The tracking error during the online identifica-
tion is shown in Fig. 10b. The evolution of the RMSE value over 200
epochs is shown in Fig. 11. Fig. 12 shows the change in the num-
ber of input membership functions over 200 epochs (total sample
is 200%200). Table 2 compares the RMSE values and the computa-
tion times for the proposed method and the other methods. The

56 |
1
o X 1 " )
o 0.5 1 1.5 2 2.5 3 3.5 4
(a) Number of MFs for input 1 x10%
5L |

o 0.5 1 1.5 2 25 3 3.5 4

(b) Number of MFs for input 2 ~10%

5
o 0.5 1 1.5 2 2.5 3 3.5 a4
200 epochs*200 sample =<10%

(c) Number of MFs for input 3

Fig. 12. The number of input MFs during 200 training epochs.

Table 2.
Comparison results in RMSE of BIBO plant.

Computation time (s)  RMSE

T2 TSK FNS [16]  None 0.032
T2FNN 0.142 0.038
SOT2FNN [28] 0.149 0.035
SET2FNN 0.155 0.029
SEFT2FNN 0.171 0.026

result of this comparison results are similar to those for the previ-
ous example.

Example 3: Identification of a second-order nonlinear time-varying
plant

The second-order nonlinear time-varying plant that is used in
this simulation is described in [44] and [16] by the dynamic equa-

tion:
X1X2 + X3
yky=—""
X4

where x; =y(k—-1)y(k —2)y(k —3)u(k—1), x, =y(k—3) — b(k),
x3 = c(k)u(k), and x4 = a(k) +y(k — 2)% + y(k — 3)2, in which a(k),
b(k) and c(k) are time-varying parameters that are given by:

a(k) = 1.2 —0.2cos(2mkTy)

b(k) = 1 —0.4sin(2 kTp)

c(k) =1+ 0.4sin(2kTp) (42)

(41)

and u(k) is the input signal, which is given as:

sin(%‘) k < 250
uk) = 1.0 250 < k < 500
- -1.0 500 <k < 750

750 < k < 1000
(43)

The SET2FNN system identification is trained for 100 epochs us-
ing 1000 samples. Fig. 13a shows the output for the second-order
nonlinear time-varying plant, y,(k), and the output of the identi-
fier, Jserroenn (k). Fig. 13b shows the tracking error for the system
during the online identification. Fig. 14 shows the evolution of the
RMSE value over 100 epochs. Fig. 15 shows the change in the num-
ber of input membership functions over 100 epochs (total sample
is 1000*100). The RMSE values and the computation times for the
proposed method and the other methods are compared in Table 3.

From Figs. 7, 11, 14 and the comparison results for the RMSE
in Tables 1-3, it is clear that the proposed method gives a
faster and better result for the identification problem. The RMSE

0.3sin (3£) +0.1sin(25) + 0.6sin(%§)
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Fig. 15. The number of input MFs during 100 training epochs.

Table 3.

Comparison results in RMSE of second-order nonlinear time-

varying plant.

Computation time (s)  RMSE

SMC-based learning [44]
T2FNN

SOT2FNN [28]

SET2FNN

SEFT2FNN

0.853
0.874
0.972
0.981
1.040

0.028
0.037
0.034
0.031
0.023
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Fig. 16. The control system scheme for dynamic time-varying plant.

values converge faster during training epochs than the other meth-
ods. Because the processing time of the self-evolving algorithm and
the function-link network, the computation time of the proposed
method is a little longer, but it is acceptable. Compared with the
proposed method, at the beginning of the processing, the RMSE
of SOT2FNN has been decreased more regularly. However, when
the SEFT2FNN converges to the suitable structure, it can obtain the
smaller value in RMSE.

4.2. Control problems (Dynamic time-varying plants)

The scheme for the control system is shown in Fig. 16. The in-
put for the SEFT2FNN control system is the output of the sliding
hyperplane and its derivative, s(t) and s(t). The goal of control sys-
tem is generates the control signal iggpropnn(t), Which can force
the output of the dynamic time-varying plant y(t) to track the ref-
erence signal y,(t). The same with examples in identification prob-
lem, the maximum number of T2GMF in each input is limited to 7
MFs.

Example 4: Control the dynamic time-varying plant borrowed from
[45]

YE-y(E-2)(¢(t-1)+25)
2 2
(1+y(t =1 +y(t-2)%)

where y(t) and u(t) are output of the plant and control signal, re-
spectively. y(t—1) and y(t—2) denote the one-step and two-step de-
layed of y(t). The reference signal y,(t) is given by the stepwise
changes as:

10, 0<k<50
Va() = 15, 50 <k <100
d 10, 100 < k <150
15, 150 < k <200

y@) =

u(t) (44)

(45)

Fig. 17 shows the control result of the time-varying plant in Ex-
ample 4. Fig. 17a includes the reference signal and the output of
control system, Fig. 17b show control signal, and Fig. 17c is the
tracking error of control system. It is obvious that the SEFT2FNN
can quickly generate the rules and control the time-varying plant
very well. The RMSE of the control system over 200 s is 0.1359.
After about 0.05 s, the number of MFs are converged to 3 MFs for
input 1, and 2 MFs for input 2. The change of MFs for input 1 and
input 2 during 200 s is shown in Fig. 18.

Example 5. Control the dynamic time-varying plant borrowed from
[46]
¥(t) = bo(t)u(t) (46)
where

tZ
1+ a (Ot +ay(0)E2

bo(t) =
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Fig. 17. Control the time-varying plant in Example 4. (a) The reference signal and
the output of control system. (b) The control signal. (c) The tracking error of control
system.
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Fig. 18. The number of MFs during 200 s in Example 4. (a) The number of MFs for
input 1. (b) The number of MFs for input 2.

_ 2 +a(t)t
bi(t) =1 a; (0)t + ay (£)¢2
ba(t) = !

1+ a; ()t + ay(b)t?
Here, a;(t) and a,(t) are the time-varying plant parameter given
by

0.3, 0<k<40
0.1t 0.1, 40<k<60

=77 2O=9106 60<k<85 (47)
0.3, k > 85
The reference signal is given by
10, 0<k<25
Va(t) = }(5) 25 <k <50 (48)

50 <k<75
15, 75 <k <100

The change of time-varying parameter al and a2 during 100 s
in Example 5 are shown in Fig. 19. The reference signal and the
output of control system are shown in Fig. 20a, and the control sig-
nal and the tracking error of control system are shown in Fig. 20b

0.6
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Fig. 19. The change of time-varying parameter al and a2 during 100 s in Example
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Fig. 20. Control the time-varying plant in Example 5. (a) The reference signal and
the output of control system. (b) The control signal. (c) The tracking error of control
system.
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Fig. 21. The number of MFs during 100 s in Example 5. (a) The number of MFs for
input 1. (b) The number of MFs for input 2.

and Fig. 20c, respectively. Fig. 21 shows the change of number MFs
during 100 s. From the simulation results, it can be observed that
the SEFT2FNN controller can control the time-varying plant fol-
low the reference signal very well. The structure of the proposes
controller can quickly converge to the suitable structure by self-
evolving algorithm. In this example, the number MFs of input 1
and input 2 are converged to 2 MFs. The RMSE in this example is
0.7255. The comparison RMSE of the proposed method with the
other methods are shown in Table 4.

In all examples, the structure of the SEFT2FNN does not need
to design in advance, because it can self-evolving to the suitable
network structure. The parameter in the sliding hyperplane is cho-
sen as n=3 and A = 0.05. The initial parameter for the consequent
and the antecedent in IT2FNN also does not need to be designed
in advance, and the rules can be auto generated using the input
signal and all parameters can be updated based on the adaptive
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Table 4.

Comparison results in RMSE of control time-varying

plant.

Example 4  Example 5

Type-2 TSK FNS [16]  0.1469 0.7395
T2FNN 0.2471 0.8439
SOT2FNN [28] 0.1427 0.7825
SET2FNN 0.1583 0.7540
SEFT2FNN 0.1359 0.7255

law. The initial parameters for generating the variance are cho-
sen as oj,;; = 0.5 and Ao = 0.1. The learning-rates are chosen as,
fim = 0.01 and #js = 0.01. The prior threshold for generating and
deleting rule are chosen as T; = 0.1 and T; = 0.05. The sample time
is 0.01 s.

5. Conclusion

This paper proposes a SEFT2FNN for system identification and
the control problem. The proposed method is suitable for many
fields, such as control problems, system identification, classifica-
tion, and prediction. The major contributions of this study are (1)
the development of a SEFT2FNN with an adaptive law for updating
parameters, (2) a self-evolving algorithm that allows the network
to automatically achieve optimum construction from empty rules,
so there is no need to design the structure of the SEFT2FNN in ad-
vance, (3) the convergence of the proposed algorithm is proven by
Lyapunov function analysis approach and (4) the function-link net-
work is combined to improve the accuracy with which the nonlin-
ear function is approximated. The numerical simulation results for
an identification problem and the control of time-varying plants
show the superiority of the proposed method over other methods.
Choosing the learning rates for the adaptive laws and the thresh-
olds for generating and deleting the rules significantly affect the
system performance. Therefore, the future studies will apply the
optimal algorithm to optimize the learning rates and the thresh-
olds, so the RMSE can be quickly converged and the performance
of the system can be further improved.
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Appendix A. [47]
The detail of KM algorithm for finding the right switch point, R.

Step 1: Sort W (i=1,2,..., <wM

Step 2: Computing f! and y

M) such that w! <w? <

T,

i f'+fl
fr= XM

1 and y =
Step 3: Find the point k (1 <k <M — 1) where wk <y < wk+!

M e
Ticy S

i .
Step 4: Set fi = { [ isk and compute y’ = S
i=1Jr1

fi, i>k
Step 5: If y' #y Then set y =y’ and go to Step 3
If y’ =y Then set y, =y; R =k and Stop KM algorithm
Appendix B. [47]

The detail of KM algorithm for finding the left switch point, L.

Step 1: Sort w' (i=1,2,...,M) such that w! <w? <... <wM

Step 2: Computing fll and y

Z,lf

fi+f!
fl 2 Z v f

and y =

Step 3: Find the point k (1 <k <M — 1) where wk <y < wk+1

fi, i<k M, fiwi
SIEP 4: Set fl {f i> k Z&]If[i

Step 5: If y’ £y Then set y =y’ and go to Step 3

and compute y' =

If y =y Then set y, = =k and Stop KM algorithm

Appendix C

Proof. The Lyapunov function is defined as:

V(s(k)) = %sz(k) (c1)
V(s(k)) = s(k)s(k) (C2)
The change in (C2) can be obtained
Defined P, (k) = % for x=4. q.m.é. & (C3)
where
OYserrarNN | OVSEFT2FNN OYserTarNN  OYSEFT2FNN
(k) = 30 e T g Y- ,
04 a4y ﬂ]n, I
OYSEFT2FNN OYSEFT2PENN OYSEFT2ENN
8g2nj agn,-nj agn,-nj
_ OFserrornn | OYseFr2enn OYserT2rNN - OYSEFT2ENN
Pﬁ(k) = = = = sty = s = s
- q 9y 9G1y, 9G4y
OYSEFT2ENN OYseFT2ENN OYSEFT2ENN
8‘?2nj 8qn,»nj 8(jnfnj

0Fserr2rNN  OJSEFT2FNN

ay. 0y
- (k) = YSEFT2FNN _ |: YSEFT2FNN

omm omp 7 Oy, 0y
a}7SEFT2FNN aJ‘/\SEFTZFNN a}”\SEFTZFNN
8ﬁlan o amninj o amninj

)

P- (k) _ 8.)’;SEFTZFNN _ 8.),}SEFTZFNN a.)7SEFT2FNN a.)7SEFT2FNN
g 96 06y T 064, | 064

OFSEFT2FNN
ann i

ey

OFSEFT2FNN OYSEFT2FNN
T 98 "T85

-
Znn; 9 nin;

P (k) _ 3YSE£;2FNN

)

OYsEFT2FNN 0Fserr2rNn  OJSEFT2FNN
9611 90 1n ; 00 21

OYseFT2FNN OYVSEFT2FNN
352n, a6n,-n}-

ey

OYSEFT2ENN
8Unin]

Apply the gradient descent method, C(2) can be represented by

. T
V(stk+1)) = V(s(k)) + AV (s(k)) =V (s(k)) + [ng{k))} A

(C4)

where AV(s(k)) is the change in V(s(k)) and Ax denotes the
change in x.
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Using the chain rule and obtain

AV (s(k))  V(s(k)) OPserrarnn  Os(K)S(K) OPserrarnn

ox  OPSEFT2FNN ox  OPSEFT2ENN 0x (©5)
Using (27) and (C4) yields
aV(s(k)) OYSEFT2ENN
—ox = —S(k)T = —s(k)Px(k) (C6)
From (28)-(32), we have
ax= B0 g sworiy ()
Substituting (C6), (C7) into (C4)
. T
AV (s(k)) = [W] Ax = [-s(RPURT = Aus )Py (k)
= —s2 (k) fixP (k) (C8)

From (C8) if #jy is chosen as 7y > 0 then AV(s(k)) < 0. There-
fore, the convergence of the updating algorithm is guaranteed by
the Lyapunov stability theorem.
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