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Аbstract

In this paper we describe an easy-to-implement algorithm for automated generation of the linguistic 
variable term membership functions to allow for information search in a relational database based on 
qualitative criteria by means of the SQL query language.

The proposed algorithm makes it possible to calculate the parameters of the triangular and trapezoid 
membership functions taking into account the distribution of the variable of interest stored in the database. 
The algorithm defi nes the intervals covered by the term bases, so that each interval contains about the 
same number of values. Upper bounds of the defi ned intervals are used to calculate the parameters of 
membership functions. The parameters of the membership functions generated with this algorithm can be 
easily calculated with the limited computational means of the SQL language. 

We review the algorithm realizations for the generation of 3 and 5 terms of a linguistic variable based on 
a sample from a database containing 100 or 500 diff erent values. 

The membership functions obtained through the algorithm have the required properties of orderliness, 
completeness, consistency and normality. They do not require further approximation. Unlike the known 
methods, the algorithm does not require signifi cant computing resources, the use of specialized software, 
settings confi guring, or a training set formation. 

The algorithm implementation creates opportunities to support fuzzy search queries in relational 
databases using the means of the SQL language, as limited as they are. Thus, the system’s level of intelligence 
would be increased, and the user would be provided with the means of search query formulation in a natural 
language. The linguistic variable terms generated using our algorithm can be used within the framework of a 
fuzzy rule-based knowledge base of an information system, as well as to perform fuzzy inference.
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Introduction

A
t the core of any information system 

lies a database that stores the infor-

mation processed by the system. One 

of the functions of the system is searching the 

database for any requested data. Currently, 

relational databases that support the search 

for information using SQL language are the 

most widely used. Composing a search request 

in SQL requires the user to set definite ranges 

for the values of the data being requested, 

something which is often impossible due the 

lack of such information. Moreover, the user, 

especially a novice, is better accustomed to 

using qualitative search criteria that could be 

expressed verbally. This kind of user-system 

interaction is also more convenient for the user. 

In an implementation of information search 

in a database based on qualitative criteria, the 

tools of fuzzy logic can be used. They involve 

the use of linguistic variables and the genera-

tion of corresponding base term sets (fuzzy 

sets) that provide a quantitative interpretation 

for the qualitative search criteria [1–5]. 

Performing a fuzzy search query in a rela-

tional database requires converting it first into a 

command of the standard SQL language. Paper 

[6] describes such a conversion procedure that 

is implemented with the help of the graphical 

interface of the information system. Within 

this procedure, the values of the membership 

functions of the fuzzy sets used are calculated 

on-the-fly in the course of performing an SQL 

query. Linguistic variable terms are represented 

by parametric fuzzy numbers with trapezoid 

and triangular membership functions. Their 

parameters can be easily calculated using the 

commands of the SQL language, which is not 

intended for complex calculations. 

This paper [6] uses the assumption about a 

uniform distribution of the data sampled from 

the database to find the parameters of the terms. 

This assumption limits the applicability of the 

proposed method and might lead to unaccep-

table results when it is not valid. In particular, 

if the distribution of the experimental data is 

nonuniform, it might happen that no values at 

all from the database would be in the base of 

some terms. To avoid such issues, a calculation 

of the terms’ parameters must take the exper-

imental data distribution into account. The 

term bases must contain approximately equal 

numbers of values available in the database. 

Traditionally, the membership functions 

of the linguistic variable terms are generated 

based on expert information, which makes the 

procedure difficult to automate. For this rea-

son, many researchers have made considerable 

effort towards the development of algorith-

mic methods of membership function gener-

ation. The papers [7; 8] provide an overview 

of the existing methods of automatic genera-

tion of membership functions. Among them 

are the methods of inductive logical infer-

ence [9], fuzzy c-means clustering methods 

[10–13], neural networks [14; 15], histograms 

[16], methods based on fuzzy entropy and 

other special measures [17; 18], genetic algo-

rithms [19–21], ant colony system algorithms 

[22], heuristic algorithms [23], and particle 

swarm optimization [24]. The characteristics 

of the aforementioned methods are presented 

in Table 1 [8]. 

All the methods listed above have been devel-

oped for particular applications of classifica-

tion and are used to assign experimental data to 

fuzzy sets. However, they are not guaranteed to 

produce uniform distribution with an approxi-

mately equal number of elements in each set.

Paper [25] proposed a method of partition-

ing a source sample of values into intervals that 

contain equal numbers of values. However, 

using this method one might see identical val-

ues being assigned to different intervals, which 

defeats the purpose of classification. 

The membership functions generated using 

the above methods do not always meet the 

necessary conditions of being ordered, com-

plete, consistent, or normalized [2; 4], and still 

MATHEMATICAL METHODS AND ALGORITHMS OF BUSINESS INFORMATICS



BUSINESS INFORMATICS No. 3(45) – 2018

31

require further approximation. For example, 

the Gaussian membership functions generated 

by the particle swarm optimization are subnor-

mal [8]. 

The existing algorithmic methods of gener-

ating membership functions typically have a 

high computational complexity. Using neural 

networks makes it necessary to provide a train-

ing set. The genetic algorithms, ant colony sys-

tem algorithms, and particle swarm optimiza-

tion methods require an objective function to 

be specified. They are also notorious for their 

large time to convergence and the possibility 

of their convergence to a local optimum. The 

implementation of most methods listed above 

requires some specialized software.

In this paper, we propose a simple-to-imple-

ment method for automatic generation of the 

membership functions for linguistic variable 

terms. The method takes into account the dis-

tribution of values of the parameter at hand 

stored in a database, which makes it possible to 

assign an approximately equal number of val-

ues to each term base. In addition, this method 

can be used to generate an arbitrary num-

ber of membership functions that possess the 

required properties.

1. Problem formulation

Tables of a relational database store numer-

ical values of objects’ characteristics used by 

an information system that must be evalu-

ated and selected based on some qualitative 

fuzzy criteria (for example, “low,” “medium,” 

“high”). To perform a fuzzy search query, 

one has to provide linguistic variables corre-

sponding to the properties being evaluated. To 

enable the automatic generation of a linguis-

tic variable, we need an algorithm that would 

allow us to calculate the number and param-

eters of the membership functions of the lin-

guistic variable terms. The choice of the num-

ber of values (terms) of the linguistic variable 

is up to the user. The basic scale of a linguistic 

variable is specified based on a set of all values 

of the property under investigation obtained 

Table 1.
Characteristics of the methods 

of automatic generation of membership functions

Methods

Characteristics

Source 
of information

Area 
of applicability

Shape of the 
membership functions

Number 
of fuzzy sets

Neural networks dataset classification arbitrary fixed

Histograms dataset image recognition, 
classification Gaussian arbitrary

Fuzzy c-means 
clustering dataset classification triangular, trapezoid fixed

Genetic algorithms dataset and expert 
estimates controllers triangular, trapezoid, 

Gaussian fixed

Ant colony system 
algorithms dataset data analysis, controllers arbitrary arbitrary

Particle swarm 
methods

dataset and expert 
estimates

controllers, image 
processing

Gaussian, triangular 
S-shaped fixed

Other methods dataset classification, controllers triangular, Gaussian 2–9
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from the database and is given by the interval 

, where  is the minimum value 

of that property and  is the maximum value 

of that property. Each term base must con-

tain an approximately equal number of values 

of the property being evaluated that are avail-

able in the database. The set of values and their 

frequencies can be obtained from the data-

base using an SQL query as a sorted (ascend-

ing) matrix 
 

, where the number of rows  

is the number of different measurements (val-

ues of the parameter at hand in the database), 

the matrix elements  are the values of the 

-th measurement, and  are the frequencies of 

the -th measurement, . The mem-

bership functions we are seeking to generate 

should be defined in such a way that their val-

ues could be easily calculated by means of the 

SQL language, which falls short of the compu-

tational efficiency of a universal programming 

language. The membership functions must 

meet certain requirements [2; 4].

We will represent the terms of a linguistic 

variable by parametric fuzzy numbers with the 

most common trapezoid and triangular mem-

bership functions. We will use the trapezoid 

membership functions for the minimum and 

maximum terms, and the triangular member-

ship functions for the rest of the terms. The 

above choice of the membership function types 

was influenced by our goal to ensure the pos-

sibility of calculation on-the-fly while running 

an SQL query, considering the limited capa-

bilities of SQL language. The calculation of 

the values of the membership functions is per-

formed according to the following formula: 

       , (1)

where  are the parameters of the 

membership function .

Let us split the base of the term into two 

intervals. The total number of such intervals is 

, where  is the number of terms. Fig-

ure 1 shows the shape of the membership func-

tions of linguistic variable terms. Their param-

eters and the upper bounds of the values of the 

intervals are provided. The following notation 

is used: 

 
 – the -th term; 

 – the parameters of the -th term, 

i = 1, ..., l; 

 – the upper bound of the values of the -th 

interval, .

T
1            

T
2           

T
3          

T
4                       

T
5

Fig. 1. Membership functions of linguistic variable terms

We need to define the intervals covered by the 

term bases so that each interval would contain 

an approximately equal number of values of the 

property at hand, and moreover, so that iden-

tical values would lie within the same inter-

val. The upper bounds  of the intervals being 

defined are used to calculate the parameters , 

 of the terms membership functions and 

are given by the quantiles of the uniform dis-

cretization of the source sample.
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Based on the aforementioned matrix , the 

number  of values that must lie within each 

interval, assuming a uniform distribution, is 

given by the equation

,

where  is the total number of measure-

ments (the sample size). 

Let us define the vector , its components 

being the numbers of measurements within each 

interval. Then the -th component of the vector

 is the number  of measurements within the 

-th interval ( ):

,

where  is the set of numbers  of the rows of 

matrix  that contain the values of the fre-

quencies  included in . 

Let us denote by  the largest element of 

: . Then, to calculate the quantiles  

( ), we only need to choose  to 

be such elements ( ) of matrix 

that the function 
 

 is mini-

mized. Alternatively, another equivalent crite-

rion of optimality could be used: 

.

The value  coincides with the largest value in 

the sample: . 

The optimization is performed under the fol-

lowing conditions: 

;

for 
 
(j = 1, ..., l +1) , 

( ), where , ;

for j
1
, j

2
, j

1
  j

2
 , for which , , 

G
1
  G

2
 =  are defined.

To obtain non-trivial and nondegenerate 

solutions, the number  of the terms must obey 

the following condition: . The num-

ber of measurements contained in each of  

intervals cannot be smaller than the maximum 

frequency of the measurements, therefore

 
. This means that the number

 of the terms must meet the following condition: 

                      (2)

The parameters  of the terms’ mem-

bership functions are found as follows:

2. Algorithm for generation 

of membership functions

Let us find the actual number  of the mea-

surements that get assigned to the -th inter-

val ( ) and the parameters  

of the linguistic variable terms according to the 

following algorithm:

Step 0. Verify that the conditions (2) of the 

existence of non-trivial and nondegenerate 

solutions are satisfied. If the conditions (2) are 

satisfied, then go to Step 1.

Step 1. Initialize  ( ).

1.1. For each  (j = 1, ..., m – 1), find  as 

follows

1.2.1. Initialize  (  ).

1.2.2. While   , consequentially accu-

mulate the values  in :

 .

1.2.3. If   , then find  and :

Here  is the difference between the required 

number  of measurements within the inter-

val and the actual number  of measurements 
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within the -th interval, not counting the -th 

measurement;  is the difference between the 

actual number  of measurements within the 

-th interval (counting the -th measurement) 

and the required number  of measurements. 

The value of  shows how much the number of 

measurements within the -th interval is smaller 

than the required number (the shortage), while 

the value of  shows how much the number of 

measurements within the -th interval is greater 

than the required number  (the surplus).

1.2.4. If the shortage without the account 

for the last measurement is smaller than the 

surplus (R < Q), then remove from  the last 

measurement added to it h
i2
: 

 

1.2.5. Define the upper bound p1
j
 of the -th 

interval as follows: p1
j 

.

1.3. Find the number z1
m
 of measurements 

that are assigned to the last -th interval:

1.3.1. Initialize z1
m
 (z1

m  
).

1.3.2. Add to z1
m
 all the remaining measure-

ment: for all  ( ) 

  
.

1.3.3. Define the upper bound  of the 

-th interval as follows: .

Step 2. Find the total deflection  of the 

number of measurements from the required : 

.

Step 3. Repeat the calculations  by process-

ing the rows of matrix  in reverse order begin-

ning with the last row:

3.1. Initialize .

3.2. Define the upper bound p2
m
 of the -th 

interval as follows: .

3.3. For each  (j = m, ..., 2), find z2
j 
 as fol-

lows:

3.3.1. Initialize z2
j
 (z2

j  
).

3.3.2. While z2
j
 < n, consequentially accu-

mulate the values h
i2
 in z2

j
:

 .

3.3.3. If z2
j
  

 
, then find R and Q:

  

  .

3.3.4. If R < Q, then remove from z2
j
 the 

value h
i2
:

 

3.3.5. Define the upper bound  of the 

previous (  – 1)-th interval as follows: 

 
.

3.4. Find the number z2
l 
 of measurements 

assigned to the first interval:

3.4.1. Initialize z2
j
 (z2

j  
).

3.4.2. Add to z2
l  

all the remaining measure-

ment: for all  (i = i – 1, ..., l) 

z2
l  
:= z2

l 
+ h

i2
.

Step 4. Find the total deflection  of the 

number of measurements from the required : 

.

Step 5. Find the values of the parameters a
j
, 

b
j
, c

j
, d

j 
of the linguistic variable terms using the 

elements of vector  corresponding to the dis-

tribution  of measurements for which the least 

total deflection  is achieved (if , then 

use vector  corresponding to the distribution 

 of measurements, otherwise use  corre-

sponding to ) as follows:

a
1
:= h

11

b
1
:= h

11
.

Let . 

Then for each j (j = 1, ..., m – 1) do:

if j = < m – 1, then c
j 
:= p1

j
, a

j+1 
:= p1

j 
;

if j > 1, then d
j – 1 

:= p1
j 
, b

j 
:= p1

j 
;

c
m – 1

:= p1
m
;

d
m – 1

:= p1
m
.
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3. Analysis of the results produced 

by the algorithm

We consider the realizations of the above 

algorithm used to generate 3 and 5 terms of 

a linguistic variable based on samples from a 

database that contained 100 or 500 different 

values. 

For a sample of 100 values and 3 terms, the 

number of intervals  = 4; the number of val-

ues per interval  = 100/4 = 25; the number of 

distinct measurements (the number of rows of 

matrix  of the values and their frequencies) 

 = 20. The source data (the elements of matrix 

) along with the results of Steps 1-4 of the 

algorithm are presented in Table 2. 

Table 2 demonstrates that the total deflec-

tion of the number of measurements from 

the required  for the downward processing of 

matrix  is greater than that for the reverse pro-

cessing ( ), therefore the parameters of the 

membership functions are defined using vector 

 . The values of the parameters of member-

ship functions calculated at Step 5 of the algo-

rithm are presented in Table 3.

Table 2.
Source data and the results of steps 1-4 of the algorithm

Row 
number 

of matrix 

Elements of matrix  

Interval 
number 

  

Number 
of measure-
ments in the  

-th interval 

Upper 
bound of 
the  -th 
interval 

Variance 

Number 
of meas-
urements 
in the -th 

interval 

Upper 
bound
 of the  

-th 
interval 

VarianceValue 
of the -th 
measure-
ment 

Frequency
 of the  -th 
measure-
ment 

1 354 5

1 28 718

12

21 718

10

2 616 5

3 662 5

4 695 4

5 699 2

6 718 7

27 770

7 741 2

2 26 784

8 745 5

9 758 2

10 764 2

11 770 9

12 784 6

24 791
13 785 2

3 27 800
14 790 14

15 791 2

16 800 9

28 855

17 810 11

4 19 855
18 813 5

19 814 2

20 855 1

MATHEMATICAL METHODS AND ALGORITHMS OF BUSINESS INFORMATICS



BUSINESS INFORMATICS No. 3(45) – 2018

36

Table 3.
Parameters of membership functions 

calculated by the algorithm

Membership 
function 

number    

Parameters 
of the  -th membership function

a
j

b
j

с
j

d
j

1 354 354 718 770

2 718 770 770 791

3 770 791 855 855

Plots of the membership functions for 3 and 

5 terms obtained through the algorithm are 

shown in Figures 2 and 3, respectively. The 

experimental data sampled from the database 

are presented by histograms in the figures. 

The shape of the membership functions cal-

culated without the account for the distribution 

of experimental data for the same data samples 

are shown in Figure 4.

As seen from Figures 2 and 3, the proposed 

algorithm generates the membership functions 

for the linguistic variable terms that meet all 

the essential requirements [2; 4]. In particu-

lar, it is ensured that each term base contains 

an approximately equal number of values. By 

contrast, the membership functions generated 

without the account for the experimental data 

distribution (see Figure 4) do not possess the 

required properties and require further approx-

imation.

Fig. 2. Membership functions for 3 terms 
of the linguistic variable “Item price” 

for a sample of 100 price values

1

0,8

0,6

0,4

0,2

0
350   400    450     500     550    600     650    700     750     800    850

Item price, rub.

Membership function 1
Membership function 2
Membership function 3
Experimental data

350   400    450     500     550    600     650    700     750     800    850

Fig. 3. Membership functions for 5 terms 
of the linguistic variable “Item price”

for a sample of 100 price values

Membership function 1
Membership function 2
Membership function 3
Membership function 4
Membership function 5
Experimental data

1

0,8

0,6

0,4

0,2

0

Item price, rub.

Conclusion

The proposed algorithm makes it possible 

to automate the procedure of generating the 

membership functions for the linguistic vari-

able terms. The parameters of such member-

ship functions can be stored in a database and 

later used to submit fuzzy queries in SQL lan-

guage. In contrast to the existing methods of 

automatic generation of the membership func-

tions, our algorithm is simple to implement, 
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specified number of triangular and trapezoid 

membership functions. The membership func-

tions generated with the help of this algorithm 

take into account the experimental data distri-

bution. Additionally, the respective term bases 

of the linguistic variable contain approximately 

equal numbers of values selected from the 

database. The membership functions obtained 

through this algorithm possess all the required 

properties [2; 4] and do not necessitate further 

approximation. At the same time, the algo-

rithm was developed for the solution of the 

particular problem stated above, and cannot be 

claimed to be universal. 

The algorithm implementation creates 

opportunities to support fuzzy search queries 

in relational databases using the means of SQL 

language, as limited as they are. Thus, the sys-

tem’s level of int elligence would be increased, 

and the user would be provided with the means 

of search query formulation in a natural lan-

guage. The membership functions of the lin-

guistic variable terms generated using our algo-

rithm can be used within the framework of a 

fuzzy rule-based knowledge base of an infor-

mation system, as well as to perform fuzzy 

inference. 

350   400    450     500     550    600     650    700     750     800    850

Membership function 1
Membership function 2
Membership function 3
Experimental data

1

0,8

0,6

0,4

0,2

0

Item price, rub.

Fig. 4. Membership functions for 3 terms 
of the linguistic variable “Item price” 

generated without the account 
for the experimental data distribution 

for a sample of 100 price values

does not require considerable computational 

resources or specialized software, is free of 

adjustable parameters, does not require a train-

ing set, and enables the generation of any user-
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