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1. Introduction

ABSTRACT

As a powerful paradigm for knowledge representation and a simulation mechanism applicable to
numerous research and application fields, Fuzzy Cognitive Maps (FCMs) have attracted a great deal of
attention from various research communities. However, the traditional FCMs do not provide efficient
methods to determine the states of the investigated system and to quantify causalities which are the
very foundation of the FCM theory. Therefore in many cases, constructing FCMs for complex causal
systems greatly depends on expert knowledge. The manually developed models have a substantial
shortcoming due to model subjectivity and difficulties with accessing its reliability. In this paper,
we propose a fuzzy neural network to enhance the learning ability of FCMs so that the automatic
determination of membership functions and quantification of causalities can be incorporated with the
inference mechanism of conventional FCMs. In this manner, FCM models of the investigated systems
can be automatically constructed from data, and therefore are independent of the experts. Furthermore,
we employ mutual subsethood to define and describe the causalities in FCMs. It provides more explicit
interpretation for causalities in FCMs and makes the inference process easier to understand. To validate
the performance, the proposed approach is tested in predicting chaotic time series. The simulation studies
show the effectiveness of the proposed approach.

© 2010 Elsevier Ltd. All rights reserved.

Accordingly, the behavior of an investigated system at time
point t is expressed by a vector X(t) = (x;(t), ..., xy(t)) where

Since the pioneering work of Kosko (1986), fuzzy cognitive N denotes the number of concepts. In addition, the directed arcs

maps (FCMs) have attracted a great deal of attention from
various research communities. As a modeling methodology for
complex systems, FCMs model the investigated causal system as a
collection of concepts and causal relations among concepts, which
originate from the combination of fuzzy logic and neural networks.
Intuitively, a FCM is a signed directed graph with feedback, which
consists of a collection of nodes and directed weighted arcs
interconnecting nodes. Fig. 1 gives the graphical representation of
a FCM and its neural network structure.

In FCMs, nodes represent the concepts with semantic meaning
that are abstracted from the investigated systems. The state of a
concept is characterized by a number x; in the interval [0, 1] or in
the interval [—1, 1].
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interconnecting nodes represent the causal-effect relationships
(causalities) among the different concepts. The weight wj; (i, j € N)
that associates with the arc pointing from x; to x;, describes the
type and the strength of the causality from x; to x;, ranging in
the interval [—1, 1]. Usually, wj; has three possible types: positive
causality (w; > 0), negative causality (w; < 0) or no causality
(wj; = 0). The absolute value of w; quantifies the strength of the
causality; the sign of wj; indicates that the causality from x; to x; is
direct or inverse. For the sake of simplicity, weights in a FCM can
be represented by a matrix W € RV,

Note that in FCMs, all the elements of the principal diagonal w;;
are equal to zero because a concept cannot cause itself and there
is no causal relationship between a concept and itself. On the basis
of the above definitions, the inference mechanism of FCMs can be
described by Eq. (1),

X(t+1) =fX(@®) W) (1)

where X(t + 1) and X(t), respectively describe the dynamical
behavior of the investigated system at discrete times (t + 1) and
t; f is a sigmoid function, which squashes the result in the interval
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Fig. 1. Example of a FCM.

[0, 1]. Therefore, the inference mechanism could be regarded as
an iterative process that applies the scalar product and sigmoid
function to generate the discrete time series of the system until
the state vector ends in a fixed point, limit cycle, or more complex
ones may end in an aperiodic or chaotic attractor (Boutails, Kottas,
& Christodoulou, 2009; Kottas & Boutalis, 2004).

By storing the existing knowledge on the behaviors of the
investigated system in the structure of nodes and interconnections
of the map, FCMs provide a more flexible and natural mechanism
for knowledge representation and reasoning which are essential to
intelligent systems (Miao & Liu, 2001). The advantages of applying
FCMs formalism are summarized as follows.

a. FCMs’ graphical nature allows one to visualize the structure of
the investigated system and makes the models relatively simple
and legible.

b. FCMs’ mathematical foundation allows one to express the
dynamic behavior of the investigated system in algebraic forms.

Just because FCMs have several desirable properties (Liu &
Satur, 1999; Stylios & Groumpos, 2004), such as abstraction,
flexibility, adaptability and fuzzy reasoning, the application ex-
amples can be found in decision-making methods, geographical
information systems, and prediction of time series (Kottas &
Boutalis, 2006; Liu & Zhang, 2003; Papageorgiou, Stylios, &
Groumpos, 2003; Pelaez & Bowles, 1995; Stach, Kurgan, & Pedrycz,
2008; Stylios & Groumpos, 1999).

In the past decades, several works on FCMs have been proposed
in order to investigate the extensions of FCMs. Liu and Satur
(1999), Miao and Liu (2000, 2001) have made some significant
and extensive investigations on the inference properties of FCMs.
Moreover, Miao and Liu (2001) proposed dynamic causal networks
(DCN) to quantify the description of concepts with required
precision as well as the strength of causality between concepts.
Based on the further study of the inference mechanism and
convergent features of FCMs, Zhou, Liu, and Zhang (2006) proposed
fuzzy causal networks (FCNs). An integrated two-level hierarchical
system based fuzzy cognitive map has been proposed and applied
into decision making in radiation therapy (Papageorgiou et al.,
2003). In addition, Stach and Lukasz employed FCMs to predict
time series in Stach et al. (2008). Besides these applied researches,
the decomposition theory of FCMs has been studied in Zhang,
Liu, and Zhou (2003) and Zhang, Liu, and Zhou (2006), which
provides an effective framework for calculating and simplifying
causal patterns in complicated real world applications.

Although some research works have been done on FCMs, very
few researches have investigated how to automatically identify the
membership functions and quantify the causalities in FCMs. As a
kind of inference model based on fuzzy theory, the membership
functions are crucial to fuzzification and defuzzification in FCMs.
However FCMs lack effective methods to identify membership
functions which are absolutely necessary to describe system states
in FCMs. Therefore, the inference results generated by FCMs are
always limited into the fuzzy domain so that it is difficult to
directly compare the inference results against real data. As a
result, in most existing literature about FCMs, the interpretation

of inference result greatly depends on expert knowledge. The
subjective interpretation is not more or less convincing. From this
perspective, the automatic identification of membership functions
for different concepts in the concerned systems has become a very
urgent and realistic issue.

Secondly in many research works on FCMs, the causalities
are still quantified based on expert knowledge. But for various
practical problems, it is a hard task for human experts to accurately
pre-specify the causalities among concepts which constitute a
specific causal system. To deal with this problem, the learning
algorithms applicable to FCMs have been proposed in Koulouriotis
(2002), Koulouriotis and Diakoulakis (2001) and Song, Shen, and
Miao (2007) that are respectively based on evolution strategies
and particle swarm optimization. However in these approaches,
the definition about causality is not exactly consistent with that
of conventional FCMs. Accordingly, the quantified causalities lack
transparent mathematical interpretation and make the inference
process ambiguous. More recently, Stach et al. (2008) presented
an application framework which employed FCMs to implement
numerical and linguistic prediction of time series. However in
Stach et al. (2008), many procedures are introduced for pre-
processing the raw dataset. It makes the prediction more complex.
Additionally, in all documents about FCMs (Koulouriotis, 2002;
Koulouriotis & Diakoulakis, 2001; Song et al., 2007; Stach et al.,
2008), the membership functions are still pre-specified based on
the analysis of the dataset or expert knowledge.

To solve these two problems, this paper proposes a novel fuzzy
neural network in which the inference mechanism of traditional
FCMs is integrated with automatic identification of membership
functions and quantification of causalities. By identifying the
membership functions and causalities from real data, the proposed
approach is able to construct the FCMs for the investigated system
with less human intervention and prior knowledge. Furthermore,
the employed fuzzy neural network defines and describes the
causalities in the investigated systems using mutual subsethood. It
provides more transparent interpretation on causalities and makes
the inference process easier to understand.

The rest of this paper is organized as follows. Section 2 describes
the structure, the functionalities and the corresponding operations
of our approach in detail. Section 3 presents the supervised learn-
ing algorithm which is employed to tune the related parameters in
the proposed fuzzy neural network. In Section 4, the performance
of our approach is tested in predicting three benchmarking chaotic
time series. The comparisons of the experimental results of the
proposed approach with other models are also given in Section 4.
Finally, Section 5 presents the conclusions.

2. The proposed approach

From the above introduction, we can see that the manually
developed FCMs have a substantial shortcoming due to model
subjectivity and difficulties with accessing its reliability. To deal
with this problem, we propose a four-layer fuzzy neural network
in terms of the definition and description of conventional FCMs.
The proposed approach integrates the inference process of FCMs
with the identification of membership functions, as well as the
quantification of causalities. In this section, we will describe the
basic structure and functionalities which are necessary for the
understanding of our approach in detail.

Fig. 2 depicts the basic structure of the proposed four-layer
fuzzy neural network. In the fuzzy neural network, the inputs and
outputs are represented by non-fuzzy vectors XT = (xq,...,
Xi,...,xy)and YT = (y1, ..., ..., yn), respectively, where N
denotes the numbers of the input and output variables. We stress
that, in the proposed approach, x; and y; represent the same variable i.
Therefore in the inference process, x; and y;, respectively represent
the state of the variable i at iteration t and iteration t + 1.
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2.1. Input layer

Each node x; (i € N) in the ‘Input layer’ represents a domain
variable of the investigated system, which is connected with the
‘Linguistic layer’ using the fixed weight 1. Therefore, x; directly
transmits the crisp (non-fuzzy) input value to the next layer.

Accordingly, the net input fi“) and net output x,.(l) of the ith node
are given in Eq. (2) (the number in parentheses in superscript
represents the level number of the proposed neural network).

1 1 1
f,‘(>:Xi; xi():f;'( ). 2)

2.2. Linguistic layer

The node IL?" (m; = 1, ..., M;) in the linguistic layer expresses
a semantic symbol of the input x;, such as ‘Small’, ‘Medium’ or
‘Large’, etc. Hence, each IL?’ represents a fuzzy subset on x;. In our

approach, the fuzzy set IL;” is modeled by membership function
i (%) that is a symmetric Gaussian function and described by,

2
M"_?f (Xi) = exp (_ (Xi - CIL?") /O‘Ii’_’i> (3)
where C;n and oy n represent center and width, respectively. The

symmetric Gaussian membership function instead of triangular
or trapezoidal function ensures the differentiability that is a
necessary property for the backpropagation algorithm employed
in the learning process.

Accordingly, the net input fz ﬁf and net output X,(LG)i of the IL?"th

1
linguistic node are given in Eq. (4),
2
2) _ (1 2
it == (" = i) e

2 (4)
2 f(%)i 7("1'(])7C1L"") /02
X(n).:eui —e i gt
I
It is obvious that the fuzzification of the system is accomplished

in the linguistic layer. The net output Xl(LG)i is the membership grade
i

of the input variable x; belonging to the fuzzy subset IL:-”.

2.3. Mapping layer

As the semantic mapping of the linguistic layer, the node in the
mapping layer denotes the current state of the linguistic term IL? i
under the influences that are imposed by the previous states of its
own and other variables.

As mentioned previously, a given input variable x; and the
corresponding output variable y; represent the same concept.
Therefore, the linguistic term OL:-” of the output variable y;
indicates the same semantic symbol expressed by IL:"'. So, the
linguistic term OL;” is also described by the symmetric Gaussian
function with center COL,."" and spread Oy denoted by OL:?I‘ =
(COL?,-, GOL?,-). According to the above introduction, we can draw
Cyri = Copri and oy = oy mi.

Note that in traditional FCMs, a concept cannot cause itself
and there is no causal relationship between a concept and itself.
Due to this limitation, the mapping layer is connected with the

linguistic layer along with fuzzy weight 1 — s(IL? i OLJ'.nj ), where
e(IL?", OL;nj ) is a mutual subsethood (Kosko, 1997; Song, Miao, &
Shen, 2009) between IL:-” and OL;nj . According to the definition of
mutual subsethood, 8(IL,-"", OL;nj ) measures the similarity between
fuzzy subset IL:-” and fuzzy subset OL;nj . For the given fuzzy sets IL?i

and OL;nj that are respectively described by Gaussian membership
functions exp(—((x—Cy;n) /oy ni )?) and exp(—((x—COLmj )/oOLmj )?),
1 1 ] ]

the mutual subsethood e(IL?i, OL;nj ) is formulated,
CULY N oL”)
CULM U oL”)
caL noL”)
CL{") + c(OL") — CUL N oL™)

e(lL}, OL") =

’

e(L", 0L € [0,1]. (5)

In addition, the cardinality C(IL{") of fuzzy set IL;" and the
cardinality C (OL;-"j ) of fuzzy set OL;nj can be defined by,

c (L) = /;+oo exp (— ((x - CIL:;I-> /UIL?i)Z) dx (6)

oo

C (OL]',W) = /:O exp (— ((x — COL;nj> /aOL;y)z) dx. (7)

It is worth noting that, in Eq. (5), the denominator represents
the area of union set of fuzzy sets IL* and OL;"j , while numerator
represents the area of the intersection set of fuzzy sets IL;1 " and
OL"”. Therefore, we can derive 0 < C(IL" N OL”) < C(L" N
OLJ'-W). Based on Eq. (5), we can see that the fuzzy weight 0 <
1—e(L", OL?J' ) < 1. For example, if I{" and OL;"j represent the
same concept (i = j) in a given FCM, then g(IL;1 l OLJI.W ) takes the
maximum value 1. As a result, the fuzzy weight between IL?" and
oL is 1 — 8(1L?i, OL;nj ) = 0. This particular situation complies
with the definition of causalities in traditional FCMs in which w;; =

0 because a concept cannot cause itself and there is no causal
relationship between a concept and itself.

Therefore, we can see that the fuzzy weight 1 — e(IL{", OL;”’)
effectively describes the causal-effect relationship from the input
linguistic term IL{" to the output linguistic term oL".

Furthermore, the mapping layer realizes the defuzzification of
output variables. The defuzzification is performed using standard
volume based centroid defuzzification (Kosko, 1997; Song et al.,

2009). As a result, the input f (331}. » and output x(3)mj of OL;nj are
j oot

OLJ IL; OLj

expressed by Eq. (8)

3) (2) i mj
B =5 (1-c(00.07)

N
() 3) . . )
X = Z (fo ;"j g C’L?' T ) /

j i=1 and iz (8)
nj=1,2,....N;
N
3)
fom aooopmi ).

mj ong IL*
ictama iz 04l !
n=1.2,...N;

In Eq. (8), the calculation of mutual subsethood e(IL?i, OL;nj )

depends on the nature of the overlap of the IL?i and OL;nj ,i.e., upon

the values of CIL?i’ COL;nj Oy and UOL;"j. Case-wise expressions of

mutual subsethood s(ILi"", OLj'.nj ) therefore need to be derived and
the expressions are summarized in Table 1.

In Table 1, erf(x) denotes the standard error function that is
described as,

erf(x) = «/%71 /(;X e’%dx 9)
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Table 1
Calculation of mutual subsethood & (IL?", lL;nj )

1267

Mutual subsethood e (IL{", ILm’ )
((T’L;n,c ;!,

IL,T“ and IL”

oy Gy J'"J)/(U,Lj'"j -0y

i )i Ay = (rru;nj C,L;-, + U,an.- Cujf"’ )/ (aujmj + (T,an.-) are crossing points between

Case 1 A 1
Gy = G o = o
B. (f"_:l; /UILij
Oy > Oy
i
C. G’Lm, /oy i
UIL;"j < O
o [%*ﬂf(«/i(kz—tl n; /o n, +L7"_m] |:1+erf< (/\.2 C o )/0 m )}
i i
Case 2 A
CILij N CIL;H UIL;"j = UIL?" oy [%Jrerf(ﬁ(kz—cl ni )/a, n, +(7 i |:f—erf< (Az Cm )/U Jm )}
|:erf< (Az C m])/a m])—erf< (A] C m])/a mj ):|+a nj |:1+erf(«/§( —C’Ln,)/aumv)—erf(ﬁ()\z—cur\,)/a’ﬂi>j|
B. i i i
o’umj > 0'”_;1[ |: +erf< (M —C o )/c m; )—erf(ﬁ(kz q i >/o mj >:|+0 n,|: f(ﬁ()q Can|)/aun[-)—erf(ﬁ(}\]—cum)/alLvii)]
i vl 1t ! i
alLij 1+euf<f (Az C’Lmj)/n".]mj)ferf(f (M —C m; )/n m; >:|+n n,[ f(ﬁ()q can,)/aun,-)—erf(«/i(»\z—cu;z,)/nuini,.)}
C F
O’l mp < (TILn, a’Lmj erf([(Al C mj>/a yn}>—erf(f<)2 C m,)/o 1n)):|+a nj [1 erf(ﬁ(k Can,)/aan,)Jrerf(ﬁ(hz—cuf:,)/oan”-):|
i j i i
A a’L;»“" %—erf(ﬁ()q _CIL;.“f >/JILFJ >:|+0’L;1, [ +erf< (Az—C’L?X )/au;:l )]
Case 3 . r
CILY,T‘I < CIL?’ O’ILij = O’H_;l,v O'lemj ;+erf(«/§<)q g mj>/U mj>i|+a"_;1, |:7—erf<ﬁ(A2—C‘L?i>/a‘L?,>]
; L
[erf( (m —Cm )/a Jm )—erf(ﬁ(xz C’L]m )/U’]m ):|+(7"_[n, [1+elf(ﬁ( z*C’L?i)/n"_]ni) e;f(ﬁ( C’Ln,)/aun,>]
B.
0’1 mj > (TILn, |:1+erf<f</\2 —C ml)/a mj)—erf(«f()q —C mj>/a mj )}%—a’”, [erf(ﬁ(kl—cn_n,)/aun,) erf(«/f(n Cun,)/nl n,,):|
i i i i
|:1+Erf< (M —C o )/o lm )—erf(ﬁ(kz C,m >/olm >:|+o"_;|i [erf(ﬁ(kz—curl)/uuinJ erf(ﬁ(/q CIL"’)/UIL"‘>:|
C.
UIL;nj < UIL'n,- |:erf( 2< )/ﬂ']m )—erf(ﬁ( C m )/rr m; >i|+“”?[ [1 erf(«/i(/q—c"_lni)/UIL?i>+erf<«/§(/1 C"_n,)/rrun,)]

Causality is defined by mutual subsethood

I ca™ncor)
1-&(1L% 0L Jelo—t —J

caru c<0L'J'.’/’ )

Concept State

at iteration (1) Concept State

at iteration (t +1)

Input Layer Mapping Layer

Linguistic Layer Output Layer

Fig. 2. The structure of the proposed fuzzy neural network.

1

3 and

which has limited values erf (—o0)
erf(0) = 0.

3> erf (00)

2.4. Output layer

In the output layer, each node y; represents the current state of
concept j, which is only connected with the linguistic term nodes

OLmj (mj = 1,..., M) in the mapping layer along with the crisp

weight &; mj- The input f( ) and output x
calculated by,

Z §. mj

m;=1

) of the jth node are

3
-x )m,;

(4)

f}(‘l) f(4) (10)

Eq. (10) indicates that the current state of concept j is a linear
function of the defuzzified linguistic terms OL}W (mj=1,...,M).
By doing so, our approach makes better use of the mapping
capability offered by the defuzzified linguistic terms.

3. Supervised learning algorithm

In the proposed fuzzy neural network, the supervised learning
algorithm based on backpropagation is used to tune the related
parameters. According to the architecture and the operations of
the proposed approach that have been discussed previously, the
parameters that need to be trained can be represented by a vector

(C ”1, ”1,5]mj>

The tralnmg process involves repeated presentation of input
patterns drawn from the training set and comparing the output
of the network with the desired value to obtain the error. The
instantaneous squared error E (t) = 1/2 Zf’zl (d; (v) — x; (1))?
computed as a training performance parameter, where d; () and
x; (1), respectively denote the desired and computed state value
of concept x; at time step 7. Then the iterative gradient descent
update equation is written as,

&mj = &m; (T) — n(IE (7) /9& m; (7)) (11)
Cyni = Gy (v) — n(dE (1) /BC,L?,- (1)) (12)
oy = oy (1) = nE (2) /oy () (13)

where 7 is the learning rate. Then the standard iterative pattern
based gradient descent method and the chain rule are utilized,
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Table 2
Calculation of de(IL{*, OL")/dCyni.

de (L', oL /3%;1’

C:L;’j =Gy 0

ol
ﬂ(C(lLi ﬂOL] ))

aC
;'

A Valo mi+o n; —c(u["’mLmj)
i o™ oy’ ’ -
N R —c(uinor?) |- c(nfinoL?)
J

aC n;
;!

C’L}"j > C’an.- or C"_;n] < C"-x'"i

2
) _cli m}')
[ﬁ (nmﬂ +<T"_|n,> c(iino;
1

Table 3
Calculation of de (IL;", OL") /dni.

de (L', OL™) /aa,L(_n,

CILImJ = C"-I-I' o'"_l_:, = O-OL;U o’Oijj > o'"_:_x, UOL;ﬂj < U,L:‘{
0 1/o. m —0 _m |02,
/0 ymi o/ i
j j i
n o m d|VT|o mi+o n —C(lL"ir“OLT"j)
a(f(u’. noL; )) wm ngJ [ i J —
i i
B R G R —C(ILi nor,; ) - e C(lL, no )
It i i ;!

. . . i
C’L;vlj > C"_;lx or CIL]mJ < C”_I{'x

2
. _ nj "’J‘)
[ﬁ <(70le] +01L:") C(ILX noL;

layer by layer, starting from the output layer. Once the network
is trained to the desired level of error, it is tested by unseen test set

patterns.
Particularly, we need to stress the learning process in the
mapping layer. If i = j and n; = m;, then, the node IL?' in the

linguistic term layer and the node OL;”J in the mapping layer should

be described by the same Gaussian function so that they have

the same semantic meaning. Therefore, according to the updated

values of C,L:;,- and Uu?*’ in the linguistic layer, the parameters C o™
J

and O oM in the mapping layer are tuned simultaneously.

Therefore, the expressions of partial derivatives in the above
update equations are derived as follows.

3.1. Update in output layer

In this layer, the weight Sj,m}. which connects the output lin-

guistic term OL}nj with the jth crisp output is adjusted according to
Eq.(11). Since the output y; (I # j) is independent of the given éj,mj,
the error derivative with respect to & »; is computed by,

OF W _ g yx®,
oy agj,mj J J oL’

where d; and yj, respectively denote the desired and the computed
state value of concept .

OF (v) /0&)m, (1) = (14)

3.2. Update in mapping layer

As Eq. (8) shows, the operation of the neurons in the mapping
layer completely depends on the output of the linguistic layer,
center COLT"' and width Opi- As mentioned in Section 2.3, the

center C,n and width oy m of the linguistic term OL" are the
1 1
same as center C,n and width o, % of the linguistic term IL; which
1 1
have been defined in the linguistic layer. Therefore, the updates of
parameters C,n and o, » are simultaneously performed as in the
1 1

linguistic layer.

3.3. Update in linguistic layer

In the linguistic layer, the center C;» and width o, associating
1 1

with the linguistic term IL;" are tuned according to Egs. (12) and
(13). For the error derivative with respect to C;» and oyn;,
1 1

©) ©)]
0X "m0 fOL

dE N 9E N ay oL, sl 15
aCm Z? 2 w2, 9% . 9Cm (13)
IL; ll:} my=1 OL;nI OL:“I ,"_1{11 IL;
(3) 3)
oF XN: JF XN: ayi axOL;ﬂl afOL;“’,lL;”' (16)
S v, 3) o fG3 ' o
80141, = Vi =i aXE)L)j"l afo(L;)”’,u;"' do i

So we can rewrite Egs. (15) and (16) by substituting Egs. (4), (8)
and (10), and obtain the expressions in Box 1.

In Eqgs. (17) and (18), de(IL;", OL")/0C,n and de(IL{", OL")/
doyn are essential to compute JE/dCyn and JE/do,n. Corre-
sponding to the case-wise expressions of mutual subsethood
e(IL}", OL;.ﬂ’) that is described in Table 1, the de(IL{*, OL™)/dC,n
and de(IL{", OL") /90, are calculated and summarized in Tables 2
and 3 respectively.

For the d(C(IL" N OL))/3C,n and (C(IL{" N OL”))/dc,m in
Tables 2 and 3, we can respectively derive and describe them in
Tables 4 and 5. - ‘

In terms of the calculated d(C(IL{" N OL;”))/9C,n, d(CL N
oL")) [doyn, DAL, OL")/dCyn and JE(L', OL")/doym, we
can update the center C;n and width o
according to Egs. (17) and (18).

o 0 the linguistic layer
1

4. Simulations

This section describes three simulation examples of the pro-
posed approach. These examples include chaotic Duffing forced-
oscillation system (Example 1), Mackey-Glass dataset (Example 2)
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Table 4
Calculation of d(C(IL)' N OL))/8C,m.
M= ("lL}"’ Cug = o C:Lj"f )/ (”:L‘"J —oy)ihe = (":Lj’”-" Gy + oy :‘"J)/ (", m + oyn) are
crossing points between IL{" and IL; T
2
Case 2 A. oy = O exp (— ((Az -C _n,) /o, _n,-) )
Cu_;'f > Gy )
B. aujmj' > UIL;H' exp (* ((Az "x /o, T ) exp ( ) /‘71L|.”"> )
2
C. oyn < Oy exp (7 ((Al Can, oy ) ( ) /OIL;”> )
2
Case 3 A oy = O —exp (— ((Az /U'Ln,> )
CIL;HJ < Gy )
B. (TIL]’"j > oy exp ( ((M ) /:TOLm,) ) — exp ( ((Az - COL]mj> /UOLJ_m,) )
2 2
C. aujmj <oy exp ( (( -C mJ) /aOLm,) ) exp ( ((Az - ij”'f') /O’DL}ﬂ;> )
and chaotic Lorenz attractor system (Example 3). The performance in a viscous medium, which is formulated,
of the proposed approach is compared with the recently devel- K=F00+ (19)
oped fuzzy systems and fuzzy neural networks (Alpaydn & Dundar, - s
2002, Chun, 2007, Jun, Henry, & Lo, 2008, Song et al., 2009, Zhang where f(x) = —Px — P;x — Pox3 + qcos(wt) is the system

et al., 2003) in these examples.

In all applications, the centers of fuzzy sets are randomly initial-
ized in the range of the minimum and maximum values of the in-
put variables. The spreads of all fuzzy sets involved in the proposed
method are randomly initialized in the range (0, 1). Once the pro-
posed approach is trained to the desired level of error, it is tested by
presenting unseen test set patterns. As discussed in Section 2, the
FCM model corresponding to each application can be reconstructed
on the basis of the membership functions and the relevant param-
eters that are automatically identified by the training process.

4.1. Duffing forced-oscillation system

As a second-order chaotic system, the Duffing forced-oscillation
system describes a special nonlinear circuit or a pendulum moving

dynamics; t is the time variable, w is the frequency; u is the control
effort; P, P1, P, and q are real constants. Depending on the choice
of these constrains, it is known that the solutions of Eq. (19) may
exhibit periodic, almost periodic, and chaotic behavior. To test the
capability and applicability of the proposed approach, the complex
phase space of the Duffing forced-oscillation system is selected as
an example. For observing the complex phase space of the Duffing
forced-oscillation system, the system behavior with u = 0 is
simulated with P = 0.4,P; = —1.1,P, 1.0, w = 1.8 and
q = 1.95. The phase plane plotting from an initial condition point
[x(t =0) = —1.2501,%(t =0) = 1.5602] is shown in Fig. 3.
Note that, in Fig. 3, the magnitudes of x(t) and x(t) are one-tenth
of their actual values.

To facilitate comparisons with other approaches (Alpaydn &
Dundar, 2002; Chun, 2007; Jun et al., 2008; Song et al., 2009), the
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Table 5
Calculation of d(C(IL} N OLmJ))/aa -
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Fig. 3. The Duffing forced oscillation and reasoning results.

Table 6
Summarized fuzzy rules for the forced-oscillation system.

Rule index Summarization of fuzzy rules
Antecedent parts Causalities Output
R1 IF ‘x(t)1s S’ ON X(t)1s L’ 0.50945 x(t) = 0.52798 o (IL})
R2 IF ‘x(t)1s S’ ON ‘X(t)15 S’ 0.64268 +0.34232 « (IL%)
R3 IF ‘x(t)1s S" ON ‘X(t)1s L’ 0.85885
R4 IF ‘x(t)1s L' ON ‘X(t)1s S’ 0.67420 x(t) = —0.71172 o (IL})
R5 IF ‘x(t)1s L' ON ‘X(t)1s L' 0.00111 +0.46623 o< (IL2)
R6 IF ‘%(t)1s L' ON ‘X(t)1s L' 0.24360

input-output pair is described as (x(t), x(t); x(t + A1), x(t + AT))
where At = 6. Furthermore, 500 data points and 1100 data points
are randomly selected as training set and test data. Each input
and each output are described by two linguistic terms (Large and
Small). All testing results given in this example are the average per-
formance after 10 runs. The intermediate and final testing results

are also respectively depicted in Fig. 3. In addition, the member-
ship functions corresponding to the linguistic terms of each in-
put in antecedent parts have been demonstrated in Fig. 4. Since
e(IL™, IL}TU ) = s(IL}nj, ILT') as described by Eq. (5) and each input is
described by two linguistic terms, Table 6 summarizes the derived
six fuzzy rules where (IL?”) (i =1,2;m; = 1,2) denotes the



H,J. Song et al. / Neural Networks 23 (2010) 1264-1275 1271
Membership Functions of x(t)
1 | | S S NN ST S S S S }//\/ i | IS S S |
PP DR SR *=otl N B e e i
o ! ! ! ! ! ——Small(C=-3.169,W=6.4378)
Q 08 5T . . re s TTTTTN S —=— Large(C=3.122,W=4.9382) [ T
§ ool LA
3 | | | | | |
s 02goooes . R — T . K
| IR = ) | | |
0 St 1 1
-10 -8 K -4 2 0 2
x()
Mem‘bership Fun‘ctions of dx;(t)/dt . ; ‘
FRrY S SUSU S %ol NN DS % oo SN Lol I
g —e—Small(C=-3.279,W=4.781)
e T T S N —&— Large(C=3.277,W=5.8607)| |
§ ””””””””””””””””” e ‘L’XB"\’;*
£ |
I e R S i it At S i TTTTTT r
%
8 10
dx(t)/dt
Fig. 4. Membership functions of inputs.
Table 7
Comparisons with other methods for the Duffing forced-oscillation system based on NMSE and MSE.
Model Training data (no. of data) Training epoch No. of rules NMSE MSE
MANFIS? 500 500 4 0.02878" NA
SAFNC® NA NA 5 0.0266" NA
EXML? 500 1 36 0.1742 NA
MSBENN¢ 500 50 9 0.0247 NA
150 9 0.0192® NA
SVD-QR® NA NA 5 NA 0.0038
SBFN® NA NA 5 NA 0.0015
Our approach 500 50 6 0.0257(M 0.00273
150 6 0.0165@ 0.0013
2 36 is the number of hidden neurons in EXML. Source code is available in http://www3.ntu.edu.sg/home/egbhuang.
b Results adapted from Jun et al. (2008).
¢ Results adapted from Chun (2007).
4 Results adapted from Song et al. (2009).
e

Results adapted from Alpaydn and Dundar (2002).

defuzzified value of x(t) and x(t). Note that the fuzzy rules essen-
tially mean the different combinations of hidden neurons between
the linguistic layer and the mapping layer.

The prediction error is studied by calculating the mean squared
error (MSE) and the normalized MSE (NMSE), which are respec-
tively described as,

MSE = 1/(N) 3 (i — &)’

kex

NMSE =1/ (N -52) > (3 — &)

kex

where x; and X, are the actual and the predicted kth point of the se-
ries of length x. 5, denotes the sample variance of the actual values
(targets) in x.

On the basis of NMSE and MSE, Table 7 compares the structure
and results generated by our approach, multi-input-multi-output-
ANFIS (MANFIS) (Jun et al., 2008), self-organizing adaptive fuzzy
neural control (SAFNC) (Chun, 2007), Extreme Learning Machine
(EXLM), MSBFNN (Song et al., 2009), Evolution-Based fuzzy
networks (SBFN) (Alpaydn & Dundar, 2002) and Singular-Value-
QR (SVD-QR). To facilitate comparison, ‘no. of rules’ in Table 7
are explained as number of the different combinations of hidden
neurons between the linguistic layer and the mapping layer. In
the above comparison, it is worth noting that EXML significantly
reduces the training epoch compared to other models due to its
special learning algorithm. However, this also makes it hard to
further improve the performance of EXML which greatly depends
on the number of hidden neurons.

Compared with other models, our approach generates the
smallest MSE and NMSE after 150 training epochs. For the models
with similar NMSE®™-® | our approach needs fewer rules or
training epochs, which indicates that the rule set generated by our
approach is more efficient and compact to replicate the dynamic
behavior of Duffing forced-oscillation system than other models.

4.2. Mackey-Glass chaotic time series

Here, we evaluate the performance of our approach by applying
it to the forecasting of a Mackey-Glass chaotic time series (MG).
The dataset of MG is generated from the following delay
differential equation (Mackey & Glass, 1997),

dx(t) 0.2x(x — 1)
dt ~ 14x19(¢t—r1)
when t > 17, Eq. (20) exhibits chaotic behavior.

The task of the time series prediction is to predict future values
x(t + At) (At being the prediction time step) based on a set
of values of x(t) at certain times. To facilitate comparison with
other models, including dynamic evolving neural-fuzzy inference
system (DENFIS) (Kasabov & Song, 2002), data-driven linguistic
model (DDLM) (Gaweda & Zurada, 2003) and support vector echo
state machine (SVESM) (Shi & Han, 2007), the time series dataset is
generated using the Runge-Kutta procedure with initial condition
x(0) = 1.2 and At = 6. Furthermore, the input-output pair is
described by [x(t — 24), x(t — 18), x(t — 12), x(t — 6); x(t), x(t +
6), x(t + 12), x(t 4+ 18)].

—0.1x(t) (20)
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Fig. 5. The original time series for training and test data sets.

In this case, the following experiment was conducted: 1000
data patterns are generated, from t = 124 tot = 1123. The
first 500 patterns are taken as the training data and the other 500
patterns are used for testing. Each input variable and the single
output are represented by two linguistic terms (‘Large’, ‘Medium’
and ‘Small’). To avoid a possible distortion of test results due to
function regularities (periodicity, etc.), this experiment is repeated
6 times for eliminating possible outliers.

Fig. 5 shows the predicted and the original time series for
training and test data sets. By using the learning algorithms that
are described in Section 3, the membership functions of each input
are automatically identified and depicted by Fig. 6.

On the basis of root mean squared error (RMSE) and the non-
dimensional error index (NDEI, defined as the RMSE divided by the
standard deviation of the target series), Tables 8 and 9 compare
the average performance of the proposed approach with other
methods in Gaweda and Zurada (2003), Kasabov and Song (2002),
Shi and Han (2007) and Song et al. (2009).

In contrast with DENFIS, ANFIS and SVESM, the proposed
approach provides a better prediction accuracy with fewer training
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Table 8

Comparison of MSBFNN with other methods for MG DATA based on NDEI.
Model Training epochs Testing NDEI
MLP-BPP 500 0.022
DENFIS IP 2 0.019
DENFIS II° 100 0.016
ANFISP 50 0.036
ANFISP 200 0.029
SVESM® NA 0.0159
DDLM¢ NA 0.009
MSBFNN? 150 0.0107
Our approach 50 0.0212

100 0.012

2 Results adapted from Song et al. (2009).

b Results adapted from Kasabov and Song (2002).

¢ Results adapted from Shi and Han (2007).

4 Results adapted from Gaweda and Zurada (2003).

Table 9

Comparison of PROFNN with other methods for MG DATA based on RMSE.
Model No. of parameters RMSE
NEFPROX" NA 0.0533
G-FNNP NA 0.0056
SEIT2FNNP NA 0.0034
D-FNNP 100 0.008
ILA® 37 0.0066
ANFIS® 104 0.003
OLS¢ 211 0.0089
RBF-AFS¢ 210 0.0128
MSBFNN? 178 0.0024
Our approach 36 0.0027

2 Results adapted from Song et al. (2009).
b Results adapted from Juang and Tsao (2008).
¢ Results adapted from Kasabov and Song (2002).

epochs and training parameters. This indicates that our approach
results in better compression of linguistic information to describe
the dynamics underlying the MG dataset. In terms of the RMSE
and NDEI, we can see that the prediction accuracy generated by
our approach is comparable with that of MSBFNN (Song et al.,

0.875

0.75

Small(C=0.2142200,W=0.2285982)
— Medium(C=0.7982600,W=0.3577964)

o

@

N

3]
1

0.375 ~

Membership Grades
o
[6)]
)

0.875 +

0.75

Small(C=0.21454200,W=0.4351466)

——— Medium(C=0.79765430,W=0.3261398)

Large(C=1.31324420,W=0.2522221)
T

o

o

]

o
1

o

w

J

3]
1

Membership Grades
o
(3]
)

0.25 ~

0.125 ~

Input 4

Fig. 6. Membership functions of input variables for Mackey-Class dataset.
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Table 10

Comparisons with other methods for the Lorenz attractor system based on RMSE and MSE.

Model Training/Testing (no. of data) Training epoch No. of hidden neurons No. of parameters RMSE
NN-based AR model® 1000/400 1000 17 81 0.0108
NN-based ARMA model® 1000/400 400 18 89 0.018
SVMP 200/300 900 NA NA 0.1410
ES-SVMP 200/300 900 NA NA 0.0352
KKF© NA NA NA NA 0.098
Our approach 1000/1128 150 18 27 0.0273
1000/1128 300 18 27 0.01647

2 Results adapted from Dudul (2005).
b Results adapted from Hou and Li (2009).
¢ Results adapted from Ralaivola and Alche-Buc (2003).

a Desired Trajectory of Lorenz Attractor System
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Fig. 7. The desired and the calculated trajectory of the Lorenz attractor.

2009). However, MSBFNN has the drawback that it needs more
training epochs and parameters than the proposed approach. This
improvement on structure indicates that the proposed approach
performs better in architectural economy than other models do.

4.3. Lorenz attractor system

To further test the effectiveness of the proposed approach, it
is also applied in a multiple input/output system-Lorenz attractor
system.

The Lorenz attractor is a fractal structure corresponding to the
long-term behavior of the Lorenz oscillator. The Lorenz oscillator is
a three-dimensional dynamical system that exhibits chaotic flow,
noted for its butterfly shape. The map shows how the state of
a dynamical system (the three variables of a three-dimensional
system) evolves over time in a complex, non-repeating pattern. The
differential equations that govern the Lorenz oscillator are:

dx(t dy(t
);(t):—ax+ay; %:—xz—i—rx—y;
dz(t)

=xy — bz;
a

when setting a = 10, r = 28 and b = 8/3, the dynamic trajectory
is illustrated in Fig. 7(a).

To facilitate comparisons with the support vector machine
using evolution strategy (ES-SVM) (Hou & Li, 2009), the kernel
Kalman filter (KKF) (Ralaivola & Alche-Buc, 2003), NN-based auto-
regressive model (NN-based AR) and Auto-Regressive Moving
Average model (NN-based ARMA) (Dudul, 2005), the input-output
pair is described as (x(t — A1), y(t — At), z(t — AT); x(t), y(t);
z(t)), where At = 7. By respectively describing each input
and corresponding output neuron as three linguistic terms ‘Large’,

‘Medium’ and ‘Small’, the identified membership functions are
illustrated by Fig. 8. Furthermore, Fig. 7(b) shows the reasoning
results of the Lorenz attractor system.

On the basis of RMSE, Table 10 summarizes and compares the
structures and performances of our approach, SVM, ES-SVM, KKF,
NN-based AR and NN-based ARMA. The analysis of the results leads
to the first conclusion that, for the Lorenz attractor system, the
proposed approach provides better reasoning results than most
models listed in Table 10. Despite the fact that the RMSE of the
proposed approach is larger than that of the NN-based AR model,
our approach significantly reduces the training epoch and number
of parameters with acceptable reasoning accuracy.

A second observation relates to the improvement of efficiency.
Unlike other models in which the interrelationships among neu-
ron units are described by simple weights, the proposed approach
quantifies the interactions among neuron units using mutual sub-
sethood. As Eq. (8) shows, these interactions are determined by rel-
evant parameters (centers/widths) of the membership functions.
By avoiding tuning the weights that interconnect different neu-
rons, our approach significantly reduces the training epoch and
number of tunable parameters. From this perspective, the im-
provement on structure indicates that the proposed approach per-
forms better in architectural economy than other models.

5. Conclusion

In this paper, a novel four-layer fuzzy neural network is pro-
posed to automatically construct FCMs. By using the mutual
subsethood to define and quantify the causalities in FCMs, our ap-
proach distinctly upholds the basic definition of FCMs and makes
the inference process easier to understand. Additionally, the pro-
posed approach is able to automatically identify the membership
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Fig. 8. Identified membership functions for input neurons.

functions and the causalities underlying the concerned systems. In
this manner, our approach reduces the excessive dependence of
traditional FCMs on expert knowledge.

The performance of the proposed approach is demonstrated
by testing it on three benchmarking chaotic time series: Duff-
ing forced-oscillation system, Mackey-Glass dataset and Lorenz
attractor system. Simulation results show that the proposed ap-
proach performs better prediction accuracy and architectural
economy in most cases.
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