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Abstract—The sparse fuzzy model identification (SFMI)
toolbox is a Matlab based software that was developed to
facilitate the creation of fuzzy systems with a compact and
low complexity rule base. The objective of this paper to
report some extensions and new features of the toolbox that
aim the widening of the pool of the applicable approaches
and methods in the process of automatic rule base creation
from sample data.
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I.
INTRODUCTION
The functioning of a fuzzy inference based system is
determined by its rule base and the applied inference
method. The rule base can be compiled manually based
entirely on human knowledge and expertise and/or using
methods (software) that allow the automatic rule
extraction and parameter tuning using machine learning
approaches. The first version of the SFMI toolbox [11]
divided the model identification into two steps: (1)
creation of an initial rule base, (2) tuning of the
parameters. The later one could also include the creation
of new rules (extension of the rule base) [15] as well.
In this paper, we review briefly the initial rule base
creation related features that were present in the original
version of the toolbox and we give an in-details report of
the two new methods for the creation of the initial rule
base.
The rest of this paper is organized as follows. Section II
reviews the applicable initial rule base generation
methods. Section III presents the applicable graphical
representation modes. Section IV gives a short review of
the applicable fuzzy inference techniques. Section V
presents the internal representation of the generated fuzzy
systems and the conclusions are drawn in Section VI.
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Figure 1. Surface described by the synthetic function used for the
sample data generation

for illustration purposes, i.e. the sample data for which
the software will create different fuzzy systems is
generated using this function.
A. Fuzzy Clustering Based Initial Rule Base
The fuzzy clustering based rule extraction is a common
approach in sample data based fuzzy model identification
[2][3][9][25][26][29]. The implementation in the SFMI
toolbox follows the method called automatic fuzzy system
generation based on fuzzy clustering and projection (ACP)
[5]. It starts with a one dimensional clustering of the
sample output data. The membership functions created
from the clusters are trapezoidal and their parameters are
determined by a horizontal cut of the clusters at a
predefined α-level. The α-cut endpoints define the core of
the fuzzy sets; while the support is determined by the

μ

II. CREATION OF THE INITIAL RULE BASE
Initially [11] the SFMI toolbox supported only two
kinds of starting rule base creation: one based on fuzzy
clustering and one generating two rules that correspond to
the lowest and highest output of the sample data. Recently
this was extended by the so called “2n+2” approach and a
grid partition based solution. Further on we will recall
briefly the key ideas of the two original methods followed
by the presentation of the two new solutions. We use the
synthetic function (see Figure 1)
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Figure 2. Output clusters and membership functions with a cut level
α=0.85
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Figure 3. Parameterization of the output clustering and fuzzy
membership function extraction

Figure 5. Parameterization of the method that creates two initial rules

Ruspini character of the partition (see Figure 2).
Next, for each fuzzy set one selects the corresponding
data rows from the sample data which is followed by a
one dimensional fuzzy c-mean clustering of the selected
data in each antecedent dimension. This step is also called
projection into the antecedent space.
In each antecedent dimension the obtained cluster
centers are collected into a single group and are examined
against some cluster mergeability conditions. The final
fuzzy sets are generated from the remaining clusters using
the same horizontal cut based technique as in the case of
the consequent partition.
Having the antecedent and consequent partitions
generated the rules are created based on the sample data
rows that correspond to the individual output fuzzy sets.
Figure 4 depicts the antecedents of the rules in case of the
above presented sample data set.
Parameters of the clustering and membership function
extraction are (see e.g. Figure 3): exponent of the partition
matrix U, maximum allowed number of iterations,
minimum amount of objective function improvement in
case of two consecutive iteration cycles, fuzzy index for
the calculation of the optimal cluster number, maximum
number of clusters, permission of the cluster merging,

B. System with two initial rules
The “two initial rules” based method [15] first selects
two data rows from the sample data set: one that
represents the lowest output value, and one that contains
the highest output value. If more than one data row
contains the same extreme output value that one is
selected which is closer to the lower or upper bound of the
antecedent space. Next, two rules are created that describe
the two specified output values.
The fuzzy sets contained in the antecedent and
consequent parts of the rules are created with trapezoidal
membership functions where the width of the core (wc)
and support (ws) are defined in function of the range of the
actual partition and the reference point is identical with
the respective element of the selected data row. Optionally
one can select the application of the following two meta
rules as well.
1. If the distance between the reference point of the new
fuzzy set and the reference point of an old fuzzy set is
smaller or equal than a specified threshold value

Figure 4. Rule antecedents of the rule base obtained by fuzzy
clustering based approach

Figure 6. Rule antecedents of the rule base obtained by “two rules”
method

threshold for the examination of the identity
(mergeability) of two clusters, and the similarity threshold
for set merging in the antecedent dimensions.
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upper (row 2) bounds of the input dimensions.
3. Create a 2n by n+1 matrix with the coordinates of the
antecedent space’s corner points (first n columns) and
the respective output values (n+1th) column.
4. For each corner point
a. In each antecedent dimension
i. IF there is no fuzzy set with the same
reference point as the corner point THEN
create a new fuzzy set.
b. In the consequent dimension
i. IF there is no fuzzy set with the same
reference point as the output value THEN
create a new fuzzy set.
c. Create a rule that describes the current corner
point and the corresponding output.
d. IF the current rule is a duplicate THEN remove
the current rule.
e. IF meta rule 2 is allowed THEN apply it.

(dmin), the old set is used as antecedent/consequent of
the new rule in the current input/output dimension
(the algorithm does not create a new fuzzy set).
2. If the average distance between the corresponding
parameters of the new set and an old set is smaller or
equal than a specified threshold (dpmin) the two sets
are merged into one.
Figure 6 depicts the antecedents of the two rules in case
of the above presented sample data set. The method has
six main parameters: two for the definition of the
membership functions (the coefficients for wc and ws), two
for the meta rules (the coefficients for dmin and dpmin), and
two more parameters that specify whether the meta rules
should be applied.
C. System with 2n+2 rules
The rule base generation method that applies the above
presented “two rules” approach usually ensures after the
parameter optimization a final fuzzy system with a low
number of rules; however, the process can be very time
consuming. Besides, another problem could arise from the
deficiency that not all the FRI methods have extrapolation
capability. In order to alleviate the above mentioned
problems the SFMI toolbox offers as a new feature an
initial rule base generation mode that beside the above
specified two rules also creates a rule for each corner point
of the hypercube of the antecedent space.
This approach results in (at most) four rules in case of a
one dimensional antecedent space, and ten rules in case of
a two dimensional antecedent space. In the general case
the number of rules will be

N R = 2n + 2 ,

The first two rules and the fuzzy sets of the other rules
as well are generated using the technique presented in
Section II.B. The parameters of the method are also
identical with the previously presented ones. The “2n+2”
approach can be used only when all the corner points of
the antecedent space are covered by sample data.
D. System Based on Grid Partitioning
All the three previously presented methods create a
sparse rule base, i.e. for some possible observations
(allowed input values) there are no applicable rules. As an
extension of its functionality the 1.1.6 version of the SFMI
toolbox also supports the creation of a rule base that
ensures a full coverage of the input space allowing the
system architect the specification of the coverage level,
the number of the fuzzy sets in the current partition, and
the width of the fuzzy sets’ core as well (see Figure 8).
The algorithm defines the characteristics of the grid
partitioning conform Figure 9, where µc is the coverage
level ( μc ∈ 0.1,1 ),

(2)

where n is the number of input dimensions. Sometimes
the actual number of rules can be less than the value
specified in (2) because one or both of the extreme outputs
could correspond to corner-points of the antecedent
hypercube. For example in case of our synthetic data set
one gets a rule base with only five rules because the rule
describing the corner point x=0, y=50 is identical with the
rule corresponding to the lowest output. The main steps of
the algorithm are presented below.
1.
2.

[

]

Create an initial rule base with the “two initial rules”
method.
Create a 2 by n matrix with the lower (row 1) and

Figure 8. Parameterization of the grid partition based method

Figure 7. Rule antecedents of the rule base obtained by “2n+2” method
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Figure 9. Characteristics of the grid partitioning in the current partition

d1 =

DR
,
ns − 1

(7)

where xmin is the lower bound of the current partition.
The number of rules necessary for the full coverage of the
input space is

(3)

n

N R = ∏ nsi ,

ns is the number of the fuzzy sets in the partition, and
DR is the range of the partition. Using core center type
reference points the distance between the reference points
of the neighboring fuzzy sets will be also d1.
The width of the fuzzy sets’ core (wc) is defined by the
user in proportion of DR by the means of the coefficient cc

⎡ d ⎤
wc = cc ⋅ DR, cc ∈ ⎢0, 1 ⎥ ,
⎣ DR ⎦

ws d1
−
2
2 = μc .
ws wc
1
−
2
2

(7)

i =1

nsi is the number of the fuzzy sets in the ith antecedent
dimension.
The main steps of the algorithm are presented below.
1.

In each antecedent dimension
a. Calculate d1, wc, and ws.
b. Create partition.
2. In the consequent dimension
a. Calculate d1, wc, and ws.
b. Create partition.
3. For each possible antecedent set combination (NR)
a. Select the data rows from the sample that fall
inside the hypercube defined by the supports of
the related fuzzy sets.
b. In case of each selected data row find the
consequent set(s) where the output of the data
row falls inside the support.
c. Select the consequent set with the most data
rows.
d. Create a rule with the selected consequent set.

(4)

where the upper limit for cc is determined by the
number of fuzzy sets in the partition.
The width of the fuzzy sets’ support depends on two
factors that are wc and µc. From Figure 10 we can write
the equation

(5)

Thus the width of the support will be

µ

(6)

The resulting partition has a Ruspini character if
µc=0.5. Having core center type reference points the
abscissa value corresponding to the ith reference point will
be

µc

d1/2

d1 − μ c ⋅ wc
.
1 − μc

III. GRAPHICAL REPRESENTATION
The SFMI toolbox supports three types of graphical
representation. The first one is the classical twodimensional representation of a partition’s membership
functions. For example Figure 11 shows the output
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Figure 11. Output membership functions in case of grid partitioning
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fis--name
|-type
|-...
|-refType
|
|-input(i)--name
|
|-range(i)
|
|-mf(i)--name
|
|-type
|
|-params(i)
|
|-paramsy(i)
|
|-output(i)--name
|
|-range(i)
|
|-mf(i)--name
|
|-type
|
|-params(i)
|
|-paramsy(i)
|
|-rule(i)—antecedent(i)
|-consequent(i)
|-weight
|-connection

Figure 12. 3D representation of the rule base obtained by clustering
based method

partition of the fuzzy system generated using the grid
partitioning based approach with five fuzzy sets in a
partition.
The second type of graphical representation is a threedimensional one and is applicable either in case of 1D in –
1D out or in case of 2D in – 1D out fuzzy systems. In the
former case it shows the rules in form of bodies defined
by the related antecedent and consequent sets (for
example truncated pyramids in case of trapezoidal
membership functions on both the antecedent and
consequent side). In the latter case (see e.g. Figure 4) the
body represents the antecedent part of a rule.
The third type of graphical representation gives a threedimensional picture of a 2D in – 1D out fuzzy system’s
rule base. Here each rule is represented by a brick whose
edges are defined by the supports of the fuzzy sets
involved in the rule. For example Figure 12 represents the
rule base of the fuzzy system obtained by the clustering
based method.

Figure 13. Data structure used by the FRI TB for fuzzy inference
system representation

The input vector-field describes the antecedent part of
the system. Each of its elements is a structure that stores a
partition. This structure contains three fields, one for the
name of the current linguistic variable (name), a vector
with two elements for the lower and upper bounds of the
partition (range), and one with the membership functions
of the partition (mf). The last one is also a vector that
contains a separate structure for each fuzzy set. This
structure has four fields, which are the name of the current
fuzzy set (name), its type (type), and two other fields for
the parameters. In case of the most used piece-wise linear
membership functions (e.g. trapezoidal, triangle shaped,
etc.) the abscissa (params) and ordinate (paramsy) values
of the break-points are stored as parameters.
The output field of the fis structure describes the
consequent part of the FIS in an identical way with the
input field. The rule base is stored by the help of the rule
field. Each element of this vector describes a rule with a
structure, which contains four fields. The first one
(antecedent) is a vector having the same size as the
number of antecedent dimensions. It stores in case of each
input dimension the ordinal number of the fuzzy sets
belonging to the premise of the rule. The second field
(consequent) holds the ordinal numbers of the rule
consequents’ sets in a similar way. The last two fields
(weight and connection) stand for the weights associated
with the rules, respectively the type of connections
between the sets of a rule (AND, OR). For now they are
not used by FRI TB, they are kept for compatibility
purposes.

IV. FUZZY INFERENCE
In course of the parameter identification one also needs
the evaluation of a given fuzzy system, which is based on
fuzzy inference in a (usually) sparse rule base. The SFMI
toolbox instead of containing a built-in inference engine it
relies on the reasoning services provided by the fuzzy rule
interpolation (FRI) toolbox [16], which is also a free
Matlab based software available at [7]. It contains the
implementation of the following FRI techniques: CRF [6],
FIVE [19], FRIPOC [12], FRISUV [8], IMUL [30], KH
[17], LESFRI [13], MACI [1], VEIN [14], VKK [28].
Further plans include the implementation of other FRI
methods (e.g. [4][18]) as well.
V.

INTERNAL REPRESENTATION OF THE GENERATED
FUZZY SYSTEM
The internal representation of the generated fuzzy
system is identical with the one used by the FRI toolbox.
It is an extended version of the Matlab Fuzzy Logic
ToolBox’s (FL TB) internal FIS representation. It is easy
understandable, well-arranged, and based on series of
embedded structures. Figure 13 presents the most relevant
elements of this data structure. The “(i)” index indicates
that the respective field is a vector. The structure contains
some fields storing general information (e.g. the name of
the system (name), the type of the used reference point
(refType), etc.).

VI.

CONCLUSIONS

The SFMI toolbox provides an easy-to-use service for
the generation of sparse and covering (dense) rule bases. It
has a wide application area: it can be used for tuning of
different kinds of fuzzy controllers [24][22], decision
making systems [27], expert systems [5][23], risk
assessment systems [21], etc.
In this paper we gave a review of the toolbox’s new and
previously existent features that are related to the
generation of the initial rule base where the main

33

Zs. Cs. Johanyák • New Initial Fuzzy System Generation Features in the SFMI Toolbox

enhancement was the inclusion of the two new methods
for the generation of the initial rule base. This rule base
will be tuned later using a parameter optimization method.
Further development plans of the toolbox include the
implementation of new optimization methods (e.g. [31])
as well as the optional applicability of the vector based
internal fuzzy system representation (VFIS) introduced in
[10]. The use of VFIS can contribute significantly to the
decrease of the fuzzy inference’s time need in case of
sparse rule bases.
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