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Neural networks (NNs), type-1 fuzzy logic systems (TI1FLSs), and interval type-2 fuzzy logic systems (IT2FLSs) have been shown to
be universal approximators, which means that they can approximate any nonlinear continuous function. Recent research shows that
embedding an IT2FLS on an NN can be very effective for a wide number of nonlinear complex systems, especially when handling
imperfect or incomplete information. In this paper we show, based on the Stone-Weierstrass theorem, that an interval type-2 fuzzy
neural network (IT2FNN) is a universal approximator, which uses a set of rules and interval type-2 membership functions (IT2MFs)
for this purpose. Simulation results of nonlinear function identification using the IT2FNN for one and three variables and for the

Mackey-Glass chaotic time series prediction are presented to illustrate the concept of universal approximation.

1. Introduction

Several authors have contributed to universal approximation
results. An overview can be found in [1-8]; further references
to prime contributors in function approximations by neural
networks are in [4, 9-12] and type-2 fuzzy logic modeling
in [13-23]. It has been shown that a three-layer NN can
approximate any real continuous function [24]. The same has
been shown for a TIFLS [1, 25] using the Stone-Weierstrass
theorem [3]. A similar analysis was made by Kosko [2, 9]
using the concept of fuzzy regions. In [3, 26] Buckley shows
that, with a Sugeno model [27], a TIFLS can be built with
the ability to approximate any nonlinear continuous function.
Also, combining the neural and fuzzy logic paradigms [28,
29], an effective tool can be created for approximating
any nonlinear function [4]. In this sense, an expert can
use a type-1 fuzzy neural network (T1FNN) [10-12, 30] or
IT2FNN systems and find interpretable solutions [15-17,
31-34]. In general, Takagi-Sugeno-Kang (TSK) T1FLSs are
able to approximate by the use of polynomial consequent
rules [7, 27]. This paper uses the Levenberg-Marquardt
backpropagation learning algorithm for adapting antecedent
and consequent parameters for an adaptive IT2FENN, since

its efficiency and soundness characteristics make them fit for
these optimizing problems. An Adaptive IT2FNN is used as a
universal approximator of any nonlinear functions. A set ¥ of
IT2FNNSs is universal if and only if (iff), given any process (2,
there is a system @ € ¥ such that the difference between the
output from IT2FNN and output from () is less than a given
e

In this paper the main contribution is the proposed
IT2FNNs architectures, which are shown to be universal
approximators and are illustrated with several benchmark
problems to verify their applicability for real world problems.

2. Interval Type-2 Fuzzy Neural Networks

An IT2FNN [15, 31, 35] combines a TSK interval type-2
fuzzy inference system (TSKIT2FIS) [13, 14, 33, 34] with
an adaptive NN in order to take advantage of both models
best characteristics. In general, when representing IT2FNN
graphically, rectangles are used to represent adaptive nodes
and circles to represent nonadaptive nodes. Output values of
pair nodes (green color) and odd nodes (blue color) represent
uncertainty intervals (Figures 1-4). In this kind of interval
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FIGURE 1: IT2FNN-1 architecture.

type-2 neurofuzzy adaptive networks, nodes represent pro-
cessing units called neurons, which can be classified into crisp
and fuzzy neurons.

The IT2FNN-1 architecture has 5 layers (Figure 1) [35]
and consists of adaptive nodes with equivalent function
to lower-upper membership in fuzzification layer (layer 1).
Nonadaptive nodes in rules layer (layer 2) interconnect with
the fuzzification layer (layer 1) in order to generate TSK
IT2FIS rules antecedents. Adaptive nodes in the consequent
layer (layer 3) are connected to the input layer (layer 0)
to generate rules consequents. Nonadaptive nodes in type-
reduction layer (layer 4) evaluate left-right values with the
Karnik and Mendel (KM) [13, 14] algorithm. The nonadaptive
nodes in the defuzzification layer (layer 5) average left-right
values.

The IT2FNN-3 architecture has 8 layers (Figure 2) [35]
and uses IT2FN for fuzzifying the inputs (layers 1-2). Non-
adaptive nodes in rules layer (layer 3) interconnect with
lower-upper linguistic values layer (layer 2) to generate TSK
IT2FIS rules antecedents. Adaptive nodes in layer 4 adapt left-
right firing strength, biasing rules lower-upper trigger forces
with synaptic weights between layers 3 and 4. Layer 5’s non-
adaptive nodes normalize rules lower-upper firing strength.
Nonadaptive nodes I consequent layer (layer 6) interconnect
with input layer (layer 0) to generate rules consequents.
Nonadaptive nodes in type-reduction layer (layer 7) evaluate

left-right values adding lower-upper product of lower-upper
triggering forces normalized by rules consequent left-right
values. Node in defuzzification layer is adaptive and its
output y is defined as biased average of left-right values and
parameter y. Parameter y (0.5 by default) adjusts uncertainty
interval defined by left-right values [}, ¥,].

Architectures IT2FNN-0 and IT2FNN-2, which will be
shown in Sections 3.2 and 3.3, respectively, as universal
approximators, are described with more details in Section 2.1.

2.1. IT2FNN-0 Architecture. An IT2FNN-0 is a seven-layer
IT2ENN, which integrates a first order TSKIT2FIS (interval
type-2 fuzzy antecedents and real consequents) with an
adaptive NN. The IT2FNN-0 (Figure 3) layers are described
as follows.

Layer 0. Inputs
o=x, i=1...,n 1
Layer 1. Adaptive type-1 fuzzy neuron (T1FN)
nety =wyix; +b Vi=1..,m k=1...,9 (2

oi = ‘u(net,l(), where the transfer function p is a member-
ship function, net; is the weighted sum of inputs (x;) and



Advances in Fuzzy Systems

plnety) u(x)

0
\\‘\
\\‘!«, il

We,/
“'

"'0 M“
IIA A\

B
\,;z/

o

i
il

A
i

\“\\(\\'
A
\x

Y

"l

— u(nety) pu(x)

Layer 0
—

Layer 1
—

Layer 2 Layer 3
— —

Layer 4 Layer5 Layer6  Layer7 Layer8

FI1GURE 2: IT2FNN-3 architecture.

the synaptic weights (w,t?), and b, is the threshold for each
neuron.

Layer 2. Nonadaptive T1FN. This layer contains T-norm and
S-norm fuzzy nodes

0o = 0%y 0n Yk=1,...,9, T-norm fuzzy node,
©)
where 9 is the number of nodes in layers 1 and 2
ogk = oék_l + oék - ng—l’ S-norm fuzzy node, (4)
T=4¢,;forallk=1,...,M,andi = 1,...,n, where £ is the
table of indices of the antecedents of the rules 7 = Z']_:ll Vit Iz,
where 77 is a vector of indices for each node of layer 2
ifr>0
k_ 2 —k _ 2
B =0y Wi =0 )
else
, L= null, ﬁk,i = null (6)
end,

where [4 [41 are lower and upper membership function val-

ues, respectlvely i;(rr) and i, (7r) are vectors with even and odd
indices of the nodes of layer 2.

Layer 3. Lower-upper firing strength (w*, @*). Having non-

adaptive nodes for generating lower-upper firing strength of
TSK IT2FIS rules (7),

3 —_— —_—
Og—1 =W Oy =W

=1
w = H.Eﬁik (%),
i=1

[gﬁk(x),ﬁﬁ_k(x)] is the Gaussian interval
i ! f

7)

where pg,) €

type-2 membership function, igaussmtype2 (x, [of‘,lm

mt]), defined by

2
1/ x;~'mf
X; [Gf,lmf]) = exp {—5<—1 oF : ) jl (8
i

L (
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F1GURE 3: IT2FNN-0 architecture.

2 k2 Kk 1 xi_sz'c ’
(,tﬁik(x,-,[ai,mi])zexp _E< X ) (9

1

2 k2, k 1, k
Uk (Xi, [Ui > My ), xX; < my,
_ i
P (x) = 1 k1, k 2,k (10)
; ppe (% |07, mi |)s x; >"my,
1 k1, k 1, k
Mk (xi’ [‘7;' > M, ]) X <my,
1
— 1,k 2.k
H (x)=141, m; < x; <"'mp, (1)

2 k2 k 2.k
(,tﬁik(xi,[ai,mi]), X;>"m;.

Layer 4. Lower-upper firing strength rule normalization
—k

(¢*,4 ). Nodes in this layer are nonadaptive and the output

is defined as the ratio between the kth lower-upper firing

strength rule (w*,@") and the sum of lower-upper firing
strength of all rules (13) and (14):

4 k 4
Og-1 = f > 0 =9 . (12)

If we view ¢k, g_bk as fuzzy basis functions (FBF) (32) and (33)

and yk (x) as linear function (16), then y(x) can be viewed as
a linear combination of the basis functions (20) and (21):

k
kW
= > k::l’--~;M’ (13)
=D
where D, = Z,ivil wk,
—k
—k
-2, k=1,...M, (14)
Dr

M —]
where D, = Y3 .

Layer 5. Rule consequents. Each node is adaptive and its
parameters are {cik,c(l)‘}. The node’s output corresponds to

partial output of kth rule y* (16):
0%y = 7~ 03 = ¥, (15)

k
y =

k k

Gxi+¢s k=1,...,M. (16)

™-

i=1
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FIGURE 4: IT2FNN-2 architecture.

Layer 6. Estimating left-right interval values [y, y,] (18),
nodes are nonadaptive with outputs ¥, ¥,. Layer 6 output is
defined by

oS =y, o= (x), (17)

where
M
7 =Y ¢,
k=1 (18)

Layer 7. Defuzzification. This layer’s node is adaptive, where
the output ¥, (20) and (21), is defined as weighted average
of left-right values and parameter y. Parameter y (default

value 0.5) adjusts the uncertainty interval defined by left-right
values [ ¥, 7,]:

0] =y (x), (19)
where
y ) =y )+ (1-p) 5 (), (20)
M
F@=Y [ @+ (1-9F @] YFw. @
k=1

2.2. IT2FNN-2 Architecture. An IT2FNN-2 [31] is a six-
layer IT2FNN, which integrates a first order TSKIT2FIS
(interval type-2 fuzzy antecedents and interval type-1
fuzzy consequents), with an adaptive NN. The IT2FNN-2
(Figure 4) layers are described in a similar way to the previous
architectures.



3. IT2FNN as a Universal Approximator

Based on the description of the interval type-2 fuzzy neural
networks, it is possible to prove that under certain conditions,
the resulting IT2FIS has unlimited approximation power to
match any nonlinear functions on a compact set [36, 37] using
the Stone-Weierstrass theorem [5, 6, 10, 30].

3.1. Stone-Weierstrass Theorem

Theorem 1 (Stone-Weierstrass theorem). Let Z be a set of real
continuous functions on a compact set U. If (1) Z is an algebra,
that is, the set Z is closed under addition, multiplication, and
scalar multiplication, (2) Z separates points on U, that is, for
everyx,y € U, x#v, there exists f € Z such that f(x) # f(y),
and (3) Z vanishes at no point of U, that is, for each x € U there
exists f € Z such that f(x)# 0, then the uniform closure of Z
consists of all real continuous functions on U; that is, (Z,d )
is dense in (C[U], d,,) [36-38].

Theorem 2 (universal approximation theorem). For any
given real continuous function g(u) on the compact setU c R"
and arbitrary e > 0, there exists f € Y such that sup,..;(1g(x)—
fx)) <e

3.2. Applying Stone-Weierstrass Theorem to the IT2FNN-0
Architecture. In the IT2FNN-0, the domain on which we
operate is almost always compact. It is a standard result in real
analysis that every closed and bounded set in R" is compact.
Now we shall apply the Stone-Weierstrass theorem to show
the representational power of IT2FNN with simplified fuzzy
if-then rules. We now consider a subset of the IT2FNN-0
on Figure 5. The set of IT2FNN-0 with singleton fuzzifier,
product inference, center of sets type reduction, and Gaussian
interval type-2 membership function consists of all FBF
expansion functions of the form (38), (40). f U ¢
R'" - R x = (x,%,...,%,) € U; Hprx) € [Eﬁk(x),

g (x)] is the Gaussian interval type-2 membership function,
igaussmtype2 (x, [0 mk 2mk]) defined by (27) and (31). If
we view qS (x),¢> (x) as fuzzy basis functions (32) and (33)

and yk(x) are linear functions (34), then y(x) of (38) and
(40) can be viewed as a linear combination of the fuzzy basis
functions, and then the IT2FNN-0 system is equivalent to an
FBF expansion. Let Y be the set of all the FBF expansions
(38) and (40) with qbk (x),g_bk(x) given by (13) and (38) and let
deo(f15 o) = sup,y (1 f1(x) = f,(x)]) be the supmetric; then,
(Y,d,,) is a metric space [38]. We use the following Stone-
Weierstrass theorem to prove our result.

Suppose we have two IT2FNN-0s f,, f, € Y; the output
of each system can be expressed as

fi (%) =ay (x)+(1-a) ! (x), (22)
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where
M wk (x)z (x)
3, ( Z‘f = %)
R N P SO GO =
Py (x) = k;@ (x) 2} (x) = R
where
M, n M, n
Dy = w0, =Y [[rrw,
k=1 i=1 ' k=1 i=1
wi=Tlu @, @ =[lap ),
=1 i i=1
k _ yllc (X) (24)
¢ 0= 55
—k
B =L,
zl(x) zlcx+c0, k=1,..., M,
fo () =y () + (1-9) 77 (), (25)
where
M M,
_ wh (x) 25 (x)
77 (x) =l;1?];(x)z§(x) pos| lez I
M. M, —k k
. 3 —k L w, (x) 2z, (x)
7 (x) = k;qbz (x) 25 (x) = %, (27)
where
u—)IZc = ngﬁk (x) > m2 = Hﬁzﬁik (x) >
i=1 ! i=1
M, n M, n
Dl2 = Z Hﬁzﬁk (x), Df = z Hﬁzﬁik (x),
k=1i=1 i k=1i=1 (28)
po W) ok W (x)
S-S50 Be= T
z§ (x) = izcikxi+2c(};, k=1,...,M.

i=1
Lemma 3. Y is closed under addition.

Proof. The proof of this lemma requires our IT2FNN-0 to
be able to approximate sums of functions. Suppose we have
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FIGURE 5: An example of the IT2FNN-0 architecture.

two IT2FENN-0s, f;(x) and f,(x) with M; and M, rules,
respectively. The output of each system can be expressed as

f1(x)+ £, (x)
M1 kz kl k2
k=1 kz—l [wl W, (“Zl ) )]
- D! D?
M, —kl—kz k,
k=1 k2 1[ {(1_“)2 +(1_V)ZZ H
D1D?
(29)
and that Dk, = (glflggz)/(Din) and 6,{1’,{2 = (w1 kz)/

(Din), where the FBFs are known to be nonlinear. There-
fore, an equivalent to IT2FNN-0 can be constructed under
the addition of f;(x) and f,(x), where the consequents form
an addition of oczlf‘ + yz];z and (1 —oc)zllCl +(1 —y)z’zcz multiplied
by a respective FBFs expansion (Theorem 1), and there exists
f € Y such that sup, ., (lg(x) = f(x)]) < & (Theorem 2).
Since f(x) satisfies Lemma 3 andY € f(x) = f;(x) + f,(x)
then we can conclude that Y is closed under addition. Note
that zlfl and zlf can be linear since the FBFs are a nonlinear

basis interval and therefore the resultant function, f(x), is
nonlinear interval (see Figure 5). O

Lemma 4. Y is closed under multiplication.

Proof. Similar to Lemma3, we model the product of
f1(x) f,(x) of two IT2FNN-0s. The product f;(x)f,(x) can
be expressed as

f1(x) £ (%)
Ml M2
— 1 kl k2 kl k2
= DIp? Z Z Wy W, Xyz, 2,
11 | k=1 k=1
1 [ o 1
key—k, ky _k;
+_D1D2 Z ZQI wya(1-y)z'z,
171 | ky=1k,=1

1 1 Z_k
+_D}Dlz Z Z 1w (1—(x)yz1 z2

| =1k |
[ »
+_D1D2 Z Zw wz(l—oc)(l—y)z1 z2
rZr | k=l kml

(30)



Therefore, an equivalent to IT2FNN-0 can be constructed
under the multiplication of f,(x) and f,(x), where the

consequents form an addition of ocyzlfl z’;z ,o(l— y)zlf‘ ZI;Z ,(1-
oc)yzlflzlzcz, and (1 - a)(1 - y)zlflzlzCz multiplied by a respective

k,  k ki —k

EBFs (0}, = (w;'wy’)/(D} D}), @ 1, = (w,'@,")/(D; DY),
—k, k —k,—k

O}, = @) wh)/(D;D}), and O, = @,'W,")/(D;D;))

expansion (Theorem 1), and there exists f € Y such that
sup,..y(lg(x) = f(x)]) < & (Theorem 2). Since f(x) satisfies
Lemma3andY € f(x) = f(x)f,(x) then we can conclude

that Y is closed under multiplication. Note that zlfl and lecz
can be linear since the FBFs are a nonlinear basis interval and
therefore the resultant function, f(x), is nonlinear interval.

Also, even if zlfl and zlzc2 were linear, their product z}fl z§2 is
evidently polynomial (see Figure 5).

Lemma 5. Y is closed under scalar multiplication.

Proof. Let an arbitrary IT2FNN-0 be f(x) (20); the scalar
multiplication of cf (x) can be expressed as

cf (x) = acy; (x) + (1 - a)cy, (x)

2211 [ocDrg)k (x) + (1 - ) Dlwk (x)] cz" (x)
- D,D, '

(31)

Therefore we can construct an IT2FNN-0 that computes

¢z"(x) in the form of the proposed IT2FNN-0; Y is closed
under scalar multiplication. O

Lemma 6. Foreveryx’,y° € U andx’ #y°, there exists f € Y
such that f(x°) # f(y°); that is, Y separates points on U.

Proof. We prove that (Y, d,) separates points on U. We prove
this by constructing a required f(x) (20); that is, we specify
f € Y such that f x°) + f (yo) for arbitrarily given (xo,yo) €
U with x° #y°. We choose two fuzzy rules in the form of (8)
for the fuzzy rule base (i.e., M = 2). Let X0 = (x(l),xg, co xg)
and y° = (3%, y2, ..y I 0 = () + x?i)/2 and y! = (yp +
y2)/2 with x) # y?, we define two interval type-2 fuzzy sets
(E}, vz, B 1) and (E?, 17, B 1) with

1 2
exp [_E(xi - xp;) ] LX< X,
[ (x) =1L Xy < x; < x% (32)

1 0\2 0
exp [—E(x,- - xn-) ] X > Xp

exp [—l(xi - x?i)z] X < x?i,
u () = 2 (33)
—F 1 02 0
exp [—E(x,-—xli) ], X; > X

i ri’
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1 2
€xp [_E(xi - yg) ] X < )’loi>
[_/ll’iiz (x)=11, yp<x; <y (34)
1
exp [_z(xi - )’Ei)z] X > yloi’

1 2
exp [—E(Xi - )’Si) ] X S )’2’

1 2 (35)
0 0
exp I:_E<xi - )’li) ] s X > Yy

p (%) =

If x) = y}, then F' = F/ and ﬁﬁl(x?) = Eﬁ_z(y?), ﬁﬁil(x?) =
H(3)); that is, only one interval type-2 fuzzy set is defined.

We define two real value sets z' and z? with zF(x) =
Y cikx,- + cé‘, where k = 1,2. Now we have specified all the
design parameters except ZF; that is, we have already obtained
a function f which is in the form of (10) with M = 2 and
(F!, [p,» A ]) given by (18), (20), and (21). With this f, we

=1
B!
have

~
—
*
(=]
N—
Il
Q
e
—
*
(=]
N—
N»—
—
®
(=]
N—
+

?2 (xo) 2 (xo)] +(1-a)

(36)
where
T, (%
() ot )
- Hi=1EFil (=) + Hi:lﬁFiz (=)
H7:IEF3 () (37)

)= e G+ Mo, G
=1/ 0\ _ ;
¢ (x°) = U T e (69)
FO7) =ald 01)2 )+ ()2 (7] + -0
J0-F )= 0 F 6D

(38)
where
) sy, (07)
SO Mg, 0D + T, O
H?:lﬁFiz ()’10) (39)

2,0\ _
¢ ()= Mty O + i, OF)

=27 0\ _ 1
¢ (y ) - H?:IFF’.I () + U

Since x° #°, there must be some i such that x; = y; hence,
we have Hlilﬁp,l (x))#1 and ]_[?:lﬁFiz (x?) # 1. If we choose
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z' = 0andz? = 1, then f(xo) = oc?z(xo)+(l—oc)[1—$1(x0)] +

ocqbz(yo) + (1 - oc)g_bz(yo) = f(yo). Separability is satisfied
whenever an IT2FNN-0 can compute strictly monotonic
functions of each input variable. This can easily be achieved
by adjusting the membership functions of the premise part.
Therefore, (Y, d,,) separates points on U. O

Lemma?7. Foreachx € U, thereexists f € Y suchthat f(x) #
0; that is, Y vanishes at no point of U.

Finally, we prove that (Y, d,) vanishes at no point of U.
By observing (8)-(11), (20), and (21), we simply choose all
yk(x) >0(k=1,2,...,M); thatis,any f € Y with yk(x) >0
serves as the required f.

Proof of Theorem 2. From (20) and (21), it is evident that
Y is a set of real continuous functions on U, which are
established by using complete interval type-2 fuzzy sets in
the IF parts of fuzzy rules. Using Lemmas 3, 4, and 5, Y
is proved to be an algebra. By using the Stone-Weierstrass
theorem together with Lemmas 6 and 7, we establish that the
proposed IT2FNN-0 possesses the universal approximation
capability. O

3.3. Applying the Stone-Weierstrass Theorem to the IT2FNN-2
Architecture. We now consider a subset of the IT2FNN-2 on
Figure 2. The set of IT2FNN-2 with singleton fuzzifier, prod-
uct inference, type-reduction defuzzifier (KM) [13, 14], and
Gaussian interval type-2 membership function consists of all
FBF expansion functions. f: U ¢ R" — R, x = (x|, %,,...,
x,) € U; i € [ﬁﬁk (x),ﬁﬁik (x)] is the Gaussian inter-

val type-2 membership function, igaussmtype2 (x, [ak 1mk

Unif]), defined by (8)-(10). If we view ¢(x), ¢ (x), ¢(x)

—k

¢, (x) as basis functions (44), (46), (49), (50) and ylk,yic are
linear functions (41), then y(x) can be viewed as a linear
combination of the basis funct10ns Let Y be the set of all

the FBF expansions with ¢> (x), ‘/51 (x), (/5 (x), (/) (x) and let

deo(f1> f2) = sup,. (11 (x) f(x)]) be the supmetric; then,
(Y d.,) is a metric space [38]. The following theorem shows

that (Y, d.,)isdensein (C[U],d,), where C[U] is the set of all
real continuous functions defined on U. We use the following
Stone-Weierstrass theorem to prove the theorem.

Suppose we have two IT2FNN-2s f,, f, € Y; the output
of each system can be expressed as

&) =y9 )+ (1-y) 7 (x), (40)
where
M,
7 (%) = Z &'@Y 60 ' ()
ky=L;+1

FERTAN I REANCOR SRR Co e (x)

1
Dl

‘1<x>—2¢"1<x)”‘1(x>+ Z 1 (x) 2N (x)

ki=R;+1

R 1_k M, 1_k
k1 lwl (x) 'z l(x)+ZkII:R1+1 w1 (%) "z l(x)

D}
(41)
where
k, —k
w' =l @, B =]]am @,
i=1 i i=1
L, M,
D =Y w+ Yy wf,
k=1 ki=L,+1
R, M,
Di=Yul+ Y @b,
k=1 k=R, +1
—k Ekl
"6 (x)= = Vk =1,...,L (x),
Dl
wk1
k “
lﬂl (x) = D_I; Vk, =L, (x)+1,...,M,,
ky (42)
k w
1¢1(x):D—11 Vkl .,Rl(x),
r
—k1
¢> (x )_—11 Vk, = R, (x) +1,..., M,
D!
n
lz;cl = Zlcklx + cO Zl kl l- 15’5‘,
i=1
ky=1,...,M,,
1sz = Zlcklx +1c(])<1 +Zl X |x; | + So ,
ky=1,...,M,,
£ (%) =3 () + (1-9) §7 (x),
where
7t (%)
Ly . M,
= Y28 (0 227 () + Z ¢ () *z” (x)
ky=1 =L,+ (43)

LW () 7 (0 + N W

2
Dl

3 (x) 2 (x)
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7; (x)
k k k
= Z 6 (x) "2 (x) + Z 260 (x) 22 (x)
ky=R,+1
—k
T ()72 (0 + N T () 52 )
D;
where
n
=Tt ), Hum (x),
i=1 ! E
M2
Z —kz + Z lecz,
ky=L,+1
RZ M2
D? = Z w’zC2 + w]; ,
ky=1 ky=R,+1
—k oo
2¢ﬁ(x)_.3§5 Vky = 1,...,L, (x),
1
wk2
k @
zgf(x)= E; Vk, = L, (x) +1,..., M,,
1
wk2
2 1k, = _
¢r (x) = D Vi, =1,...,R, (x),
—kz
¢ ()..Eé- Vk, =R, (x) + 1,..., M,,
n n
szz = chkzx +2ch Zzsf2| xi zsgz,
i i=1
ky=1,...,M,,

n n
k 2 k 2 k 2 k 2 k
2:Zczx +c02+z si2|xi|+ Soss

ky=1,...,M,.

Lemma 8. Y is closed under addition.

Proof. The proof of this lemma requires our IT2FNN-2 to
be able to approximate sums of functions. Suppose we have

(44)

(45)

two IT2FNN-2s f,(x) and f,(x) with rules M, and M,,
respectively. The output of each system can be expressed as

fi(x)+ f,(x)

L, L,
(8 5 footat =t e anta o)

ky=1ky=1

x (nipf)“)
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M, M,
+<< Y Y [aDjw g () +yDiwh "2<x)]>
k

1=L1+1 ky=L,+1

i)’
<<i Y [0 Dl 25

ky=1k,=1

it o] (o)’
<< > Y [awpE

k=R, +1 ky=R,+1

+(1-y) D, wk22 k2 (x)]>

(46)

Therefore, an equivalent to IT2FNN-2 can be constructed
under the addition of f,(x) and f,(x), where the consequents
form an addition of « zlk +y zlk and (1-a) ! k1+(1 y)2 ks
multiplied by a respective FBFs expansion (Theorem 1), and
there exists f € Y such that sup ., (Ig(x) - f(x)]) < ¢
(Theorem 2). Since f(x) satisfies Lemma3 andY € f(x) =
f1(x) + f,(x) then we can conclude that Y is closed under
addition. Note that zlfl and z];Z can be linear interval since
the FBFs are a nonlinear basis and therefore the resultant
function, f(x), is nonlinear interval (see Figure 6). O

Lemma 9. Y is closed under multiplication.

Proof. In a similar way to Lemma 8, we model the product
of f,(x)f,(x) of two IT2FNN-2s which is the last point we
need to demonstrate before we can conclude that the Stone-
Weierstrass theorem can be applied to the proposed reasoning
mechanism. The product f; (x) f,(x) can be expressed as

f1(x) £ (%)

_
D; D}

0 Z T4 ()T () "2 () 220 ()

ky=1k,=1

L
+ Z Z wl (x)u_)2 (x)l 5 (x) 2 Zl 2 (x)

ki=1k,=L,+1

- Z Wb (0T () 125 () 222 ()

ki=L,+1 k,=1
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X
(a) Antecedent IT2MFs for fuzzy rules (b) Overall I/O curve for interval rules
) ) 8 T T T
Small - Medium - Large
5 2
) B
1k i
0 ) ) )
-10 -5 0 5 10
X X
(c) An example of the interval type-2 fuzzy basis functions (d) Overall I/O curve for IT2FNN-2
FIGURE 6: An example of the IT2FNN-2 architecture.
1_k 2 k S k 1k 2 k
+ Z Z Wl (0w (x) g (%) 227 (x) ZZ% wy? (%) 'z (x) *2* (%)
ky=L,+1 k,=L,+1 ki=1k,=1
a(1-y) L M
i S £ k, 1 k1 2 k2
D!D? + Z Z Wit (x) wh? (x) 128 (%) 22 (%)
ky=1k,=L,+1
L, R, M L
—k 1 k 2_k ! 2
| XY ah @k @ ' e 2w P Y ST WTE@ 0 W
Ky=1 ky=1 k=R, +1 kp=1
e & k 1 k 2_k M,
Ty Z 1 2
G RRORANC f Y Y B b @ W
k=1 ky=R,+1 k=R
1=R;+1 k,=R,+1
M, R, (1 )(1 )
1 _k 2 _k - -
+ Y Y W w0 g () 22 (v) RS/ACI 2/
ky=L,+1 k=1 DiD%
R R f
—k 1 _k 2 _k k 1 _k 2 _k
- Z Z Wb ()T (x) 127 (x) 22 (x) x| wit () wy (x) 'z (x) *27 (x)
ki=L,+1 k,=R,+1 ki=1k,=1
(I1-a)y
~~ 77 —k 1 _k 2 _k
DID? + Z Z Wy (0@ (x) 2 (%) 22 ()

ki=1k,=R,+1

1
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M,

Y Y B 0wk (0 ) 220 ()
k=R, +1 ky=1
M, M,

Y 2w

ki=R;+1 ky=R,+1

M ()W (x) 2 (x) 22 (x)

(47)

Therefore, an equivalent to IT2FNN-2 can be constructed

under the multiplication of f;(x) and f,(x), where the con-
sequents form an addition of ay lzk1 2zlkz, a(l —y) 125(1 : ’,‘2,

(1 - a)y'2h 222, and (1 - a)(1 - y)l k1 22k multiplied by
a respect1ve FBFs expansion (Theorem 1), and there exists
f € Ysuch thatsup, ,(Ig(x) - f(x)]) < & (Theorem 2). Since
f(x) satisfies Lemma 3 and Y € f(x) = f,(x)f,(x) then
we can conclude that Y is closed under multiplication. Note

k k . . .
that z* and z,* can be linear intervals since the FBFs are a
nonlinear basis interval and therefore the reskultant fuknction,
f(x), is nonlinear interval. Also, even if z;' and z,* were

linear, their product zlf‘z;(z is evidently polynomial interval
(see Figure 10). O

Lemma 10. Y is closed under scalar multiplication.

Proof. Let an arbitrary IT2FNN-2 be f(x) (51); the scalar
multiplication of ¢f (x) can be expressed as

cf (x)

= acy (x)+ (1 -a)cy; (x)

L k 1k
kl 1w1 (x)ac! zl (x)+zk L1 w' (x)ac z;" (x)

1
Dl

R,

S Wy () (1- ) ez (%)

Dl

r

zkl e @ () (1 - ) e 2 G
D;

(48)

Therefore we can construct an IT2FNN-2 that computes
all FBF expansion combinations with occlzlk1 (x) and (1 -

x)c lzfl (x) in the form of the proposed IT2FNN-2, and Y is
closed under scalar multiplication. O

Lemma 1. Forevery (x°,y°) € U andx" #Y°, there exists f €
Y such that f(x°)# f(y°); that is, Y separates points on U.

We prove this by constructing a required f; that is, we
specify f € Y such that f(x°)# f(y°) for arbitrarily given
x’,y° € U with x’#y°. We choose two fuzzy rules in the
form of (8) for the fuzzy rule base (i.e., M = 2). Let X =
(x(l),xg,...,xg) and yo = (y?,yg,...,yg). Ifx? = (x?i + x(r)i)/Z
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and y! = (y, + y2)/2 with x) # y}, we define two interval
type-2 fuzzy sets (El, [‘uﬁl,ﬁﬁl]) and (151.2, [yﬁz,ﬁﬁ;]) with

exp [—%(xi - x?,-)z] ,

!7151.1 (x)=191L x? <x < xfl., (49)

g (%1) ) (50)
l exp —(xi—x?l.) ]’ X; > X
1 2
€xp [_E(xi Yii) ] X < Vipp
e () =L, yhsx <yl G
2
exp ——(Xl - ygl) ] , X > }’2:
1 2
xp [_E(xr - ) ] ’ Vi

(52)

Ifx? = y°, then F' = F2 and p_, (x ) =y (yl) yFl(x)
Hz(3)); that is, only one 1nterval type-2 fuzzy set is defined.
We define two interval value real sets z' € [z/,z}] and z* €

[zlz,zf]. Now we have specified all the design parameters

except [z;‘, zf]; that is, we have already obtained a function
f which is in the form of (20), (21) with M = 2 and

(F [ k,,qu]) given by (8)-(11). With this f, we have

F() =alg () a (=) + (1-¢ (=)= (+°)]

H-a [ () 7 () + 97 () 2 ()]
(53)
where
OO S
¢, (X ) T 14 H?:lEFiz (x?)
e H’ZIEF,‘] (x?)
() = F e ) + T G
20 0\ H?:IFF,.Z (x?)
¢, (x ) - H:l:lﬁFil (x?) + H:l:ll_/‘pil (X?)’
FO7) = ald (7)1 (0) +6 (72 (0] +a -

< [(1=¢7 ()2 (") + 62 ()= (0°)]

(54)
where

2.0\ _ 1
00 fr, ope
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H?:IPF} (yzp)
H?:d_‘Fil () + H?:&F; )
H?:IEF; (ylo)

i O+ T, O0)

¢ (") =

¢ () =
(55)

Since xozfzyo, there must be some i such that x? = y?;
hence, we have [Ti_;p , (") #1 and [T fp(x)) # 1. If we

choose zllr = 0 and zlzr = 1, then f(xo) = a(l - ¢ll(x0)) +

1- oc)qbf(xo) ;eocqﬁf(y") +(1- oc)(/)f(yo) = f(yo). Therefore,
(Y, d,,) separates point on U.

Lemma 12. For each x € U, there exists f € Y such that
f(x)#0; that is, Y vanishes at no point of U.

Finally, we prove that (Y, d,) vanishes at no point of U.
By observing (8)-(11), (20), and (21), we just choose all >0
(k = 1,2,...,M); that is, any f € Y with 25 > 0 serves as
required f.

Proof of Theorem 2. From (20) and (21), it is evident that Y is
a set of real continuous functions on U, which are established
by using complete interval type-2 fuzzy sets in the IF parts
of fuzzy rules. Using Lemmas 8, 9, and 10, Y is proved to be
an algebra. By using the Stone-Weierstrass theorem together
with Lemmas 11 and 12, we establish that the proposed
IT2FNN-2 possesses the universal approximation capability.

Therefore by choosing appropriate class of interval type-2
membership functions, we can conclude that the IT2FNN-0
and IT2FNN-2 with simplified fuzzy if-then rules satisfy the
five criteria of the Stone-Weierstrass theorem. O

4. Application Examples

In this section the results from simulations using ANFIS,
IT2FNN-0, IT2FNN-1 [35], IT2FNN-2, and IT2FNN-3 [35]
are presented for nonlinear system identification and fore-
casting the Mackey-Glass chaotic time series [39] with 7 =
60 with different signal noise ratio values, SNR(dB) = 0, 10,
20, 30, free as uncertainty source. These examples are used
as benchmark problems to test the proposed ideas in the
paper. We have to mention that the IT2FNN-1 and IT2FNN-
3 architectures are very similar to I2FNN-0 and IT2FNN-
2, respectively [35], and their results are presented for com-
parison purposes. The proposed IT2FNN architectures are
validated using 10-fold cross-validation [40, 41] considering
sum of square errors (SSE) or root mean square error (RMSE)
in the training or test phase. We use cross-validation to
measure the variability of the RMSE in the training and
testing phases to compare network architectures IT2FNN.
Cross-validation procedure evaluation is done using Matlab’s
crossvalind function. Noise is added by Matlab’s awgn func-
tion.

In K-fold cross-validation [40], the original sample is ran-
domly partitioned into K subsamples. Of the K subsamples,
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TaBLE 1: RMSE (CHK) values of ANFIS and IT2FNN with 10-fold
cross-validation for identifying non-linearity of Experiment 1.

SNR (dB) ANFIS IT2FNN-0 IT2FNN-1 IT2FNN-2 IT2FNN-3

0 0.6156  0.3532 0.2764 0.2197 0.1535
10 0.2375 0.1153 0.0986 0.0683 0.0453
20 0.0806  0.0435 0.0234 0.0127 0.0087
30 0.0225  0.0106 0.0079 0.0045 0.0028
Free 0.0015  0.0009 0.0004 0.0002 0.0001

CV-RMSE

0 10 20 30 40 50 60 70 80

SNR (dB)
—— ANFIS —+— IT2FNN-2
—— IT2FNN-0 —— IT2FNN-3
—— IT2FNN-1

FiGure 7: RMSE (CHK) values of ANFIS and IT2FNN using 10-fold
cross-validation for identifying nonlinearity in Experiment 1.

a single subsample is retained as the validation data for testing
the model, and the remaining K — 1 subsamples are used as
training data. The cross-validation process is then repeated K
times (the folds), with each of the K subsamples used exactly
once as the validation data. The K results from the folds
then can be averaged (or otherwise combined) to produce a
single estimation. The advantage of this method over repeated
random subsampling is that all observations are used for
both training and validation, and each observation is used for
validation exactly once. 10-fold cross-validation is commonly
used. Three application examples are used to illustrate proofs
of universality, as follows.

Experiment 1 (identification of a one variable nonlinear
function). In this experiment we approximate a nonlinear
function f: R — R:

f (1) = 0.6sin (ru) + 0.3 sin (37ru) + 0.1 sin (57u) + 7,
(56)

(where # is a uniform noise component) using a-one input
one-output IT2FNN, 50 training data sets with 10-fold
cross-validation with uniform noise levels, six IT2MFs type
igaussmtype2, 6 rules, and 50 epochs. Once the ANFIS
and IT2FNN models are identified a comparison was made,
taking into account RMSE statistic values with 10-fold cross-
validation. Table1 and Figure 7 show the resulting RMSE
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TABLE 2: Resulting RMSE (CHK) values in ANFIS and IT2FNN
for non-linearity identification in Experiment 2 with 10-fold cross-
validation.

SNR (dB) ANFIS IT2FNN-0 IT2FNN-1 IT2FNN-2 IT2FNN-3

0 10432 07203  0.6523 05512 0.5267
10 03096 02798 02583 02464 02344
20 0.1703  0.1637 01592 0.1465 0.1387
30 01526  0.408 01368  0.1323 0.1312
Free 01503 01390 01323 01304 01276
100 T T T T T T T =
10702 i
2
S 107 .
E‘
>
O
10706 B |
10—0.8 L .

0 10 20 30 40 50 60 70 80

SNR (dB)
—— ANFIS —+— IT2FNN-2
—— IT2FNN-0 —— IT2FNN-3
—— IT2FNN-1

FIGURE 8: Resulting RMSE (CHK) values obtained by ANFIS and
IT2FNN for nonlinearity identification in Experiment 2 with 10-fold
cross-validation.

(CHK) values for ANFIS and IT2FNN; it can be seen that
IT2ENN architectures [31] perform better than ANFIS.

Experiment 2 (identification of a three variable nonlinear
function). A three-input one-output IT2FNN is used to
approximate nonlinear Sugeno [27] function f: R’ — R:

2

1 1
fxpxpx) = 1+yx;+—+— | +n.  (57)
X, .

216 training data sets are generated with 10-fold cross-
validation and 125 for tests; 2 igaussmtype2 IT2MFs for each
input, 8 rules, and 50 epochs. Once the ANFIS and IT2FNN
models are identified, a comparison is made with RMSE
statistic values and 10-fold cross-validation. Table 2 and
Figure 8 show the resultant RMSE (CHK) values for ANFIS
and IT2FNN. It can be seen that IT2FNN architectures [31]
perform better than ANFIS.

Experiment 3. Predicting the Mackey-Glass chaotic time
series.
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Mackey Glass chaotic time series 7 = 60
0.35 T T T T T T T

03 1

0.25 b

0.2

0.15

CV-RMSE

0.1

0.05

0 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80

SNR (dB)

—— ANFIS: TRN
—— IT2FNN-0:TRN
—— IT2FNN-1:TRN

—+— IT2FNN-2:TRN
—+— IT2FNN-3:TRN

FIGURE 9: RMSE (TRN) values determined by ANFIS and IT2FNN
models with 10-fold cross-validation for Mackey-Glass chaotic time
series prediction with 7 = 60.

Mackey-Glass chaotic time series is a well-known bench-
mark [39] for systems modeling and is described as follows:

0.1x (t — 1)

*(®) = 1+x10(¢-1)

—-0.1x(t). (58)

1200 data sets are generated based on initial conditions x(0) =
1.2 and T = 60, using fourth order Runge-Kutta method
adding different levels of uniform noise. For comparing with
other methods, an input-output vector is chosen for IT2FNN
model with the following format:

[x(t-18),x(t—-12),x(t—6),x(t); x(t +6)]. (59)

Four-input and one-output IT2FNN model is used for
Mackey-Glass chaotic time series prediction, choosing 500
data sets for training and 500 test data data sets with 10-
fold cross-validation test, 2 IT2MFs for each input with
membership function igaussmtype2, 16 rules, and 50 epochs.
ANFIS and IT2FNN models are identified, comparing RMSE
statistical values with 10-fold cross-validation. Table 3 and
Figures 9 and 10 show the number of ¢ points out of
uncertainty interval Y(x) € [7(x), ¥.(x)] evaluated by
IT2ENN model, RMSE training values (TRN) and test (CHK)
obtained for ANFIS and IT2FNN models. It can be seen that
IT2ENN model architectures predict better Mackey-Glass
chaotic time series.

5. Conclusions

In this paper we have shown that an interval type-2 fuzzy
neural network (IT2FNN) is a universal approximator. Sim-
ulation results of nonlinear function identification using
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TaBLE 3: RMSE (TRN/CHK) and ¢ values determined by ANFIS and IT2FNN models with 10 fold cross-validation for Mackey-Glass chaotic

time series prediction with 7 = 60.

SNR (dB) ANFIS IT2ENN-0 IT2FNN-1 IT2FNN-2 IT2FNN-3
7 =60 TRN CHK ¢ TRN CHK ¢ TRN CHK ¢ TRN CHK ¢ TRN CHK ¢
0 0.3403 0.3714 NA 0.2388 0.2687 37 0.2027 0.2135 35 0.1495 01536 34 0.1244 0.1444 31
10 0.1544 01714 NA 01312 01456 33 0.1069 0.1119 30 0.0805 0.0972 28 0.0532 0.0629 25
20 0.0929 0.1007 NA 0.0708 0.0781 28 0.0566 0.0594 26 0.0424 0.0485 24 0.0342 0.0355 21
30 0.0788 0.0847 NA 0.0526 0.0582 19 0.0411 0.0468 18 0.0309 0.0332 16 0.0227 0.0316 14
Free 0.0749 0.0799 NA 0.0414 0.0477 10 0.0321 0.0353 9 0.0251 0.0319 6 0.0215 0.0293 4

04 . Maclkey Glalss Chaotlic time ?eries T= 60 . The student J. R. Castro was supported by a scholarship from

MYCDI, UABC-CONACYT.
0.35 1
03 1

CV-RMSE

0 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80

SNR (dB)

—— ANFIS:CHK
—— IT2FNN-0:CHK
—— IT2FNN-1:CHK

—+— IT2FNN-2:CHK
—+— IT2FNN-3:CHK

FIGURE 10: RMSE (CHK) values determined by ANFIS and IT2FNN
models with 10-fold cross-validation for Mackey-Glass chaotic time
series prediction with 7 = 60.

the IT2FNN for one and three variables and for the Mackey-
Glass chaotic time series prediction have been presented
to illustrate the theoretical result. In these experiments, the
estimated RMSE values for nonlinear function identification
with 10-fold cross-validation for the hybrid architectures
(IT2FNN-2:A2C0 and IT2FNN-2:A2Cl) illustrate the proof
based on Stone-Weierstrass theorem, that they are universal
approximators for efficient identification of nonlinear func-
tions, complying with |g(x) — f(x)| < e. Also, it can be
seen that while increasing the Signal Noise Ratio (SNR),
IT2ENN architectures handle uncertainty more efficiently.
We have also illustrated the ideas presented in the paper with
the benchmark problem of Mackey-Glass chaotic time series
prediction.
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