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Abstract 

Given its practical importance in industrial applications, automatic generation of inference systems is an 
important area of research. LFC is a new algorithm developed to generate a compact set of fuzzy 
classification rules from data. The premise is extracted directly using a global optimization procedure 
based on a new recently introduced paradigm called artificial chemical process. The conclusion part is 
determined using soft computing techniques. LFC presents a good balance between input-output 
mapping precision and linguistic interpretation.  
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1. Introduction

A fuzzy inference system consists of a set of rules 
described in if/then statements, which together determines 
the action (output) for a given situation (input). This 
capacity for explaining responses on the basis of human-
like reasoning has proven to be a very powerful tool for 
industrial applications. This approach can prove very 
important to the production of high performance materials 
in the electronic and pharmaceutical industries. 

Automatic generation of inference systems from 
data is an important area of research. Algorithms have 
been developed that combine genetic algorithms with 
fuzzy logic (Karr, 1991; Ishibuchi, Nozaki, and Tanaka, 
1992; Ishibuchi et al.,1995; Zhang and Ferch, 2003; Na, 
1999; Li, Li and Yu, 2002; Russo, 2000). In this article a 
new algorithm is utilized that generates a compact set of 
rules for the classification problem. The algorithm 
combines fuzzy logic with the LARES artificial process, a 
new optimization algorithm introduced by Irizarry 
(2003a). 
  
2. LARES artificial chemical process 
 

A new global optimization methodology was 
developed by Irizarry (2003a), based on an abstraction of 
chemical engineering designs (artificial chemical process, 
ACP) rather than concepts from nature like genetic 

algorithms. The algorithm considers the optimization 
problem in its more general form: 

 ( )Min F
χ

χ
∈Ξ

 (1) 

where χ is the vector of decision variables to be 
determined, Ξ  is the feasible space of the decision 
variables and F is the performance index to be minimized. 
No restriction is assumed on the type of variables 
(continuous, integer, combinatorial, non-numerical or 
symbolic, etc.).  Also, there is no restriction on the type of 
function F (degrees of multi-modality, discontinuity and 
flatness).   

In this ACP paradigm, the decision variables are 
encoded into a finite set of discrete variables called 
molecules, jξ , j=1,M. Each molecule can assume only a 
small number of discrete values (or states) which may be 
different for each molecules, , where T(j) 

is the number of states defined for molecule 
{ 1 (,...,j j

j Ts sξ ∈ })j

jξ . Each 
LARES iteration will modify the state of the molecules, 
generating a new trial state vector, 1{ ,..., }t t t

Mξ ξ ξ= . This 
trail vector is generated “processing” the molecules in a 
series of compartments that modify their states by 
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“chemical reactions” and “separation or purification” 
processes to drive the decision vector to a near-optimal 
solution (See Figure 1). This vector is mapped into the 
original set of decision variables, : tmap ξ χ , to 
evaluate the performance index ( )F χ . This performance 
index is fed-back to LARES, which is used to generate a 
new molecular state vector guided by the adaptive 
elements of the algorithm. The iterations continue until a 
termination criterion is satisfied, usually a maximum 
number of function evaluations. The details of the 
algorithm are described in Irizarry (2003a) and not 
presented here. 

The fact that each molecule can have a different range 
of states that can be visited allows multiple encoding to be 
a natural part of the algorithm. This property is not shared 
with other algorithms like genetic algorithms. For 
example, to use limited multiple encoding with genetic 
algorithms, the algorithm needs to be customized, with 
crossover operators defined for each section with different 
encoding.     
 

 
 

igure 1. Schematic representation of LARES. 
 

. LFC algorithm 

he following algorithm, called LARES Fuzzy 

followin

classification power, as described in 3.3.  

Figure 2.  Hyper-structure of the LFC 
algorithm  

 
3.1 Generating the pre sing LARES  
  

he rule base system considered in this algorithm consists 

(2) 

and rule r. The class C  is the consequence of the rule r. 
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T
Classification (LFC), generates a fuzzy inference system 
for automatic pattern classification from data using 
LARES as the learning tool (Irizarry, 2003a). The 
hyperstructure of the algorithm is shown in Figure 2. At 
each LARES iteration, the premise part is generated from 
the new trial vector, and then the pattern data are used to 
generate the conclusion part using soft computing 
techniques. The resulting fuzzy inference system is tested 
in terms of classification power using the same data to 
determine the objective function to be minimized by 
LARES. This method is an alternative approach, which 
generates fuzzy rules to classify patterns without the use of 
a grid partition, SVD or a fixed neural-network structure.   

The algorithm is described in detail in the 
g sub-sections. In section 3.1, the steps to generate 

the premise part are described. The conclusion part is 
generated from the training data as described in section 
3.2. This “trial” fuzzy algorithm is tested using the 
inference engine on the same pattern data set. The 
objective function is then constructed to maximize 

 
 

LARES
ξ Decode to generate membership

function parameters and 
Combinatorial variables (section 3.1)

- Use RT if necessary.

Generate the consequent part 
(section 3.2) 

Measure the performance of 
the resulting fuzzy algorithm 
(section 3.3)
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L AR EActivate-Transfer Deactivate-Transfer
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Molecules in their ground state
Molecules in a new state

Rule r:  IF x1 is A1r  and  x2 is A2r and… xN is ANr  THEN x 
belongs to Cr     

 
where xi is the input for variable i to the fuzzy inference 
system and Air is the fuzzy set associated with variable i 

r

Each fuzzy set, ( )ir iA x , is described by one-dimensional 
membership functions, ( )ir ixµ . The model includes a 
combinatorial variab irle δ  that defines the existence of the 
predicate corresponding iable i and rule r. When 

ir

to var
δ =1, the variable i forms part of the premise in rule r, 
that is, xi is Air, is part of the premise and is zero otherwise. 

For a given input pattern vector x, the fire 
ength of the precedent of a fuzzy rule r is given by str

i r
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( ) ( ; )
N

r i ir
i

( , ) 1

x x pα µ
=

= ∏  (3) 
δ =

hen the multiplication operator is utiliz
combinatorial variable determines which variables form 
part of the premise. The decision variables in LARES are 

w ed. Notice that the 

the parameters, pir, that define the membership 
functions ( ) ( ; )ir i i irx x pµ µ=  and the combinatorial 
variable irδ . There are P*N*R parameters and N*R 
pointers variables, where P is the number of adjustable 
parameter hip function utilized. For each 
real param er, K molecule variables are used, which can 

s for the members
et



 
have two possible state values (0 and 1). Binary encoding 
is then used to map the state of the molecules to the value 
of the real parameters. For each pointer, irδ , a molecule 
variable is used whose value equals the value of the 
pointer ( ir jδ ξ= ), where j is the index of the molecule 
assigned to represent the value of irδ . 

 
3.2. Procedure to determine th coe ns uent part for 
classification 

or, the consequence part is generated 
sing so ing techniques (Ishibuchi, Nozaki and 

eq

 
Given the antecedents of the fuzzy rule system from the 
LARES trial vect
u ft comput
Tanaka, 1992). This is a very effective and rapid method 
for calculating the conclusion for the classification 
problem. The training data consists of T patterns. Each 
pattern belongs to one of the M possible classes. Each 
pattern in the training set, p, consists of N variables, 

1( ,..., )p p p
Nx x x= , and the corresponding class is pC . It is 

assumed that all variables are normalized. The procedure 
for determining the conclusion of a rule is described as 

h rule r, calculate the cumulativ firing 
power of all patterns for each class, Ci

follows: for eac e 
β : 

 ( )
i

i

p
C r

p C
xβ α

∈

= ∑  (4) 

 
The class with the largest firing strength is the 
consequence of the rule: 

 

 Cβ  (5) 

 there is more than one class with 
rength, the consequence cannot be res

is eliminated from the inference engine. Similarly, if 

rC =  Cb such that 

1
max{ ,... }

MCb C=β β

If the largest firing 
st olved and the rule 

Cbβ is zero, there are no data in the partition covered by 
the premise and the rule is also eliminated from the 
inference engine. Let the segregation parameters be 

ed by: 

 
M

S

defin

r Cb Ci
i 1

/β β≡ ∑  (6) 

Although this parameter does not form part of the fuzzy 
inference system, it will be utilized in the objective 
function to further manipulate the fuzzy partition.  
 
Inference mechanism 
 
Given the rule set, to classify a new pattern tx , the 
inference mechanism consists of finding the rule with 
maximum fire strength: 

 { ( ) | }max t
r

r
r x ruleexistsα=  (7) 

Then, the classification of xt is the consequence of rule r , 
rC . If there is more than one class with the maximum α , 

the pattern is unclassified.  
  
 
3.3. Objective function for the classification problem 
 
To evaluate the performance of the trial inference system 
at each LARES iteration, the inference system is applied to 
the training data. Let Nfail be the number of patterns that 
where misclassified or not classified, and the objective 
function to be minimized by LARES is of the form: 

 ( )2

1

1
R

fail r
r

F N w S
=

= + −∑  (8) 

4. Results 
 
 
Iris data. The Iris data (Fisher, 1936) consists of four 
inputs to describe the three possible classes; iris setosa, 
virginica, and versicolor. The input variables are sepal 
length in cm (in the range of [4.3-7.9]), sepal width in cm 
(in the range of [2.0,4.4]), petal length in cm (in the range 
of [1.0,6.9]), and petal width in cm (in the range of [0.1, 
2.5]). The best results found for this type of problem are 
achieved by Ishibuchi et al. (1995) with high classification 
power using 13 rules and Russo (1998; 2000) with high 
classification power using 5 rules. It is shown that with 
only five rules, the algorithm can classify the iris data very 
effectively. It is also shown that with four rules, 99.3% of 
the data can be classified correctly. This system is very 
compact and easy to analyze and shows that with only 3 
variables, 99.3 of the data can be classified correctly. This 
is probably one of the most compact inference system 
developed in the literature for the iris data.  Figure 3 shows 
the inference system using five rules, with a triangular 
membership function and the multiplication operator.  

=

 



 

 
 

 
 

Figure 3. Fuzzy rules for the Iris problem, using five rules 
with the triangular membership function and the 
multiplication operator. 

 
Industrial applications. This approach has been 

used to analyze Fodel ® products in the fabrication of 
plasma display panels (PDP).  These products involve 
complex interactions between raw material properties, 
processing conditions and end-product properties. In 
particular an inference system was developed for silver 
powder properties. The properties included in the analysis 
consists of: (1) particle size distribution, (2) morphology 
determined by image analysis, (3) bulk density, and (4) 

organic contents.  Samples were divided in two categories: 
OK performance as class one and NG performance as class 
two. Nine rules were extracted with a classification power 
of 90.5% (Irizarry and Sola, 2003). 
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5. Conclusion 
 
LFC is a new algorithm developed to generate a compact 
set of fuzzy classification rules from data. Numerical 
experiments demonstrate that the algorithm is direct, 
flexible, robust and efficient. LARES is a new algorithm 
used for the first time to train fuzzy systems. LARES has 
the capability to escape from local minima, reaching a 
near-global solution effectively.  Also the coding 
flexibility of LARES helps to define the premise in terms 
of combinatorial and real variables in order to achieve a 
better solution.  

LFC presents a good balance between input-
output mapping precision and linguistic interpretation. 
This algorithm will have applications in areas of chemical 
process industries needs to classify different patterns like 
diagnostic of a possible fault in the process, diagnostics for 
unstable operations, and allocation of type of raw materials 
and process conditions for product quality.  The algorithm 
eliminate several problems presented by other algorithms 
like (1) Exponential increase of rules with the number of 
variables (2) Exponential increase of computational load 
with number of rules. 
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