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Abstract: Neurofuzzy systems have been widely applied to a diverse range of applications because their robust operation
and network transparency. A neurofuzzy system is specified by a set of rules with confidences. However, as
knowledge base systems, neurofuzzy systems suffer from the curse of dimensionality i.e., exponential increase
in the demand of resources and in the number of rules. So, the interpretability of the final model can be lost.
Thus, it is desired to have a simple rule-base to ensure transparency and implementation efficiency. After
training, a rule can have several non-zero confidences. The more number of non-zero confidences, the less
transparent the final model becomes. Therefore, it is elemental to reduce the number of non-zero confidences.
To achieve this, the proposed algorithm search for (a maximum of) two non-zero confidences which give the
same result. Thus, the system can keep its complexity with a better transparency. The proposed methodology
is tested in a practical control problem to illustrate its effectiveness.

1 INTRODUCTION fidences, the network transparency is poor. Trans-
parency is a desirable feature that allows us to un-

. derstand the influence of each weight (or rule con-

Neurofuzzy systems have been successfully appliedfigence) in the result network output. To improve
to a diverse range of applications because they com-ie transparency of neurofuzzy systems, the proposed
bine the well-established modelling and learning ca- method searches for (a maximum of) two non-zero
pabilities of neural networks with the transparent .gnfidences which give the same result. The effec-

knowledge representation of fuzzy systems. The teness of this proposed methodology is tested in a
fuzzy system is defined as a neural network type practical control problem.

structure keeping its fundamental components. In this
way, a fuzzy system can be derived from data or im-

roved by learning from interaction with the environ-
Enent. Aft)gr trainingg the neurofuzzy network, the final 2 NEUROFUZZY STRUCTURE
model is represented by the rule-base, which consists
of N rules of IF-THEN form. A specific rule effec- A neurofuzzy system consists of various components
tively describes the input-output relation of the sys- Of a traditional fuzzy system, with the exception that
tem and at any time all the rules fire to a degree. The each stage is performed by a layer of hidden neurons.
sum of all the firing rules gives the overall output. Figure 1 shows the implementation of a neurofuzzy

The rule confidences are a degree of relationship system. Each circle represents a neuron. These neu-

between the input fuzzy set(s) and the output fuzzy fOns are fuzzy rather than McCulloch-Pitts neurons.
set(s). When the rule confidence is zero, the input(s) 1 NiS means that they perform fuzzy operations (e.g.,
is not related to the output(s) so the rule does not fuzzification, rple firing strength, defu22|f|cat|o_n). A
fire. Otherwise, the input(s) and output(s) have some fuz2y_production rules relates the networks inputs,
relation and the rule partially fires when the mem- %» t0 its output,y. During training, this knowledge,
bership degree of the rule antecedent is greater thanwhich is represepted as_IF—THEN sentences, is stored.
zero. A rule can have several non-zero confidences.” fuzzy production rule is of the form:

When there are many rules with several non-zero con- ri; : IFxis A* THENyis B7, ¢;;
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rule confidences rather than a weight vector allows

the model to be represented as a set of transparent

fuzzy rules (Brown and Harris, 1994). However, us-

ing a rule weight vector reduces considerable the stor-
%ﬂ age requirements and the computational cost (Harris

et al., 2002, p.92). Nevertheless, it is possible to al-

ternate between the rule weight vector and the rule
. b confidence without losing any information.

The transformation from the weight vectas;, to
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Wup

Fuzzification Fuzzy rule Defuzzification layer
layer layer

. . . cij = pupi (wi)
Figure 1: Archlte(_:tun_e of a typical neurofuzzy system. The The inverse transformation. from to w. is given by:
number of rules is given by’ = [], N;, wherei is the € inverse transtormation, 'rof (O UIVegy.
number of inputs andV; is the number of antecedent fuzzy
sets for input while M is the number of consequent fuzzy w; = Z Cij Z/jc
sets. Also we havg) = 3", N; andR = 3", _} Ni. J

wherey¢ is the centre of theth output setup; (u)
which has bounded and symmetric membership func-
wherer;; is the ijth rule, A® represents the input tions. _ _
fuzzy sets 37 is the output fuzzy set and the rule con- ~ The maximum number of rule confidences, de-
fidence isc;; € [0, 1]. The value of; indicates the ~ Pends on the number of inputs, and the number of
degree of confidence in the relationship betwen ~ fuzzy sets in each inpup;, and in the outputy:
andB’. Whenc;; is zero the rule is inactive and does n
not affect the output. Otherwise, the rule is active and De=q H i 1)
contributes to the output according to the degree of el
activation of the antecedent. Subsequently, the fuzzy

rules can be learned by adapting the rule confidences, ;
cause there are many inputs and/or many fuzzy sets

changing the strength with whigh a rulg fitess . per input, transparency can get lost. Consequently,
Once, the neurofuzzy controller has been designedj; 5 important to keep relatively low the number of
and constructed, the objective of the selected learning ;a5 avoiding redundant ones. In addition, as the in-

algorithm is to determine the appropriate values for , ;i qimension increases, the requirement of resources
the parameters of the membership functions and the(data memory, processing time, ...) increases ex-
linking weights (Chen and Peng, 1999). The weights hnentially (Bossley, 1997). Therefore, fuzzy sys-
of the antecedent and consequent require as many Pags g syffer from thecurse of dimensionalityBell-
rameters as modifiable parameters of the membership,, 5 1961). Consequently, practical fuzzy and neu-
functions. So, it is cpmhmon that instead of a weight 4,77y systems are reduced to problems with input
vector, w, It is a weight matrix,w. For instance,  gimensjon typically less than four. However, if some
the triangular membership functhns have three para- t5:m of model complexity reduction is applied, fuzzy
meters that can be updated. This leads to have sev neurofuzzy systems can be used to solve high di-

eral free parameters to update, slowing the learning mangjonal problems (Harris et al., 2002) and still be
process. In addition, the resulted membership distrib- transparent

ution may not be as transparent as with the designer’s

distribution. For example, in (Berenji and Khed-

kar, 1992), before learning, the membership ‘posi-

tive small’ is in the positive region of the universe 3 FUZZY INFERENCE ENGINE

of discourse but, after learning, it is in the negative

region, losing its meaning. This can be corrected The fuzzy inference engine evaluates the control rules
if the system is able to correct inappropriate defini- stored in the rule-base. It performs four main tasks:
tions of the labels. When the neurofuzzy system hasrule firing, strength calculation, fuzzy implication
only one modifiable weight vector (i.e., the rule confi- and rule aggregation. The current fuzzy input set is

Accordingly, if the number of rules is large be-



matched with the antecedent of all rule to produces
the fuzzy output set. Then, the activated output fuzzy
sets are defuzzified to obtain the control action. The
output represents the degree of relationship between
the input and each output fuzzy set (Harris et al.,

2002). The degree of relationship between the system
inputsx and the system outputis given by:

try; (X, y) = prai (x)*ci*ppi(y)
where represents T-norm operation (e.g., min and
algebraic product functions),z: (y) is the fuzzy out-
put set and the fuzzy input set js: (x), which is
obtained from the fuzzy intersection (AND) of-
univariate fuzzy sets: Accordingly, the prosed method searches ahat
satisfies:

Figure 2: Two non-zero rule confidences can represent three
or more non-zero rule confidences.

frai(x) = Hai (z)% - kA (zn)

In order to form a fuzzy ruld, all the individual Z Cij Y5 = Z CiYs
relations of input-output setsy,,;, have to be con- A h ]I t J | od b
. . = wherec’; has only two non-zero values a as
nected using a multivariable S-norm operaoy, three of more non-zero vallltey
— In order to findc’, the method searches for two
PR (X, y) = Zum (%, 9) non-zero rule confidences that have the same centre
i,j of gravity as the originak;. So, both rule confi-
To produce a single fuzzy output setg(y), the dences have identical contribution in the obtention of

fuzzy inference machine matches the current inputs € real-valued output. This is illustrated in Figure 2,
with the antecedents of all rules. This inference is where two non-zero rule confidences represent three.

given by:

—

i) =3 (a(0imx ) (2 4 EXPERIMENTAL EXAMPLE:
Finally, this single fuzzy output has to be converted THE CART-POLE BALANCING

back into a real-value output. This is done perform- PROBLEM
ing a defuzzification operation. The most widely used
method is the centre of gravity (CoG) because it con- To illustrate the proposed method and to show its ef-
sistently produces better results than the other meth-fectiveness, the neurofuzzy system described in Sec-
ods (Bossley, 1997). The output of a fuzzy system tion 2 is used in a very popular problem to test con-
that uses CoG defuzzification method is given by: trollers: the cart-pole balancing problem. The con-
troller has to apply a sequence of right and left forces
. fy ps(y)y dy 3 to the cart such the pole remains balanced. The con-
y(x) = fy wi(y) dy (3) troller fails if either the pole falls or the cart hits the
track end. The implemented neurofuzzy controller
has two inputs, the pole angle and pole angular ve-
locity, and one output, the applied force. The linguis-
tic variables used for the term sets are simply value

Using Equation 2 in Equation 3, the real-valued
output becomes:

el (%, dxd magnitude components: Negative Largéd ), Neg-
y(x) = fY fX MA(X)*ng friy (%, y) y dxdy 4) ative Medium (NM), Negative SmalN9, Zero @),
Jy [ a5, i (x, y) dxdy Small §, Medium (M) and Large ) for the fuzzy

setspole angleandapplied force while for the fuzz
When the fuzzy output sets are bounded and sym- gt ppole anggular veIF:)F::it)they aereNL, NS Z S anc?ll
metric, theit rule confidence vectar; is normalised L. The neurofuzzy controller was trained with re-
(i.e., Zj c; = 1), and the fuzzy inputs sets form a inforcement learning, using the training framework
partition of unity, Equation 4 reduces to: described in (Dofmguez-lbpez et al., 2004). Af-
ter training, the total number of non-zero rule con-
== = , fidences was 92. Then, the proposed method is used
_ Jx ma(x) 3371 a (X)*Ej Cij Yy X 5 to improve the transparency. The method gives a total
o fX pa(x) dx C) of 65 non-zero rule confidences. This final model is

y(x)




Table 1: Rule-base and rule confidences (in brackets) obtained pfilirey the proposed method. There are 65 non-zero
rule confidences.

Pole angular velocity

Applied force NL NS z S L
NL L (0.9) L (0.7) L (0.6) L (0.3) L (0.2)
M (0.1) M(@©0.3) | M(@©0.4) | M(.7) | M(0.8)
NM L (0.8) L (0.7) L (0.2) M (1.0) L (0.3)
M (0.2) M (0.3) | M(0.8) M (0.7)
NS | M(1.0) M (0.8) | M(0.3) S(0.2) S(0.1)
S (0.3) S (0.7) Z(0.8) Z(0.9)

Pole Z S (1.0) M (0.2) S(0.3) Z(0.3) Z(0.2)
angle S (0.8) Z(0.7) | NS(0.7) | NS(0.8)
S Z(1.0) Z(0.8) Z(0.3) | NM(0.7) | NS(0.2)
NS (0.2) | NS (0.7) | NL(0.3) | NM (0.8)
M Z(0.2) |NM(0.7) | NM(0.8) | NM (0.3) | NM (0.1)
NS (0.8) | NL(0.3) | NL(0.2) | NL(0.7) | NL (0.9)
L [ NM(1.0) | NM (0.7) | NM (0.4) | NM (0.3) [ NM (0.1)
NL (0.3) | NL (0.6) | NL(0.7) | NL (0.9)
shown in Table 1. This is a reduction of arouaf% edy the curse of dimensionally. It only heals the

in the number of rule confidences. So, the proposedredundancy in the rule confidences. Thus, the pro-
method has improved the transparency. Although posed methodology should be used in conjunction
not shown explicitly here, the performance of both with some form of model complexity reduction (e.g.,
rule-bases was identical: Both rule-bases were testedparsimonious modelling) in order to solve high di-
30 times with no failure in each run of 10 min. mensional problems. In this way, it is possible to
guarantee that the final model would have the best ac-

curacy and transparency trade-off.

5 CONCLUSION
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Finally, the method described here does not rem-



