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1. INTRODUCTION 

The values of attributes are not always known with sufficient precision to justify the use 

of traditional relational databases to store these data [1]. Many data are fuzzy either by 

their nature [2] or caused from the non-ideal measuring [3]. The fuzziness is amplified 

when both types appear. Therefore, we should not neglect these facts. The same holds for 

collecting information and knowledge. Knowledge collected by experts often contains 

elements of uncertainty [4]. This information should be considered in knowledge 

management systems and recommender systems. 

Our main objective is constructing environment for efficiently storing and re-using fuzzy 

data. Full fuzzy databases [5] are sophisticated, but we see the lack of practical 

applications and tools. On the other hand, relational database management systems are 

well developed and broadly used. Hence, adding fuzziness into statistical relational 

databases is a promising way. In our work we have started with analyzing approach 

initially suggested in [6] and continued with creation of adjustments and improvements 

in order to be useful for official statistics. Keeping integrities of the relational model, we 

could be able to store, update, disseminate and delete data by SQL like queries [7].   

2. FUZZY DATA 

The fuzzy set theory [8] provides a robust framework for systematically handling 

uncertainty based on fuzziness. In the fuzzy set theory belonging to a set is a matter of 

degree. A fuzzy set A over the universe of discourse X is defined by function µA(x) that 

matches each element of the universe of discourse X with its membership degree to the 

set A in the following way: 
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Concepts like medium value or value close to a, where a is a real number are expressed 

by triangular or trapezoidal fuzzy sets (Figure 1a and Figure 1b respectively). High value 

is expressed by linear gama fuzzy set (Figure 1c) whereas small value is explained by L 

fuzzy set (Figure 1d). Finally, we should consider single value of fuzzy data as singleton 

fuzzy set (Figure 1e).  

3. FUZZINESS IN THE REAL WORLD 

Many data are fuzzy either by their nature, caused from the tolerance level of instruments 

for measuring and as a result of respondents’ estimation. For example “environmental 

data, quality of life data and measurements of continuous one-dimensional quantities 

cannot be adequately expressed by crisp (sharp) numbers.” [2] A good example of the 

first type is the flooded level marked on a wall illustrated in Figure 2.  Where exactly to 
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measure this value in order to ensure that similar entities will be similarly treated? By 

fuzzy data (right side in Figure 2) we could avoid this problem. 

  

Figure 1. Fuzzy sets 

 

 

Figure 2.  Level of flood as a fuzzy set 

We should keep in mind that the measurement made by a measuring instrument is 

usually approximate due to the tolerance interval. It means that the precise value is 

somewhere in the (small) interval [a, b], i.e. µ(x) = 1 for ] ,[  bax .  

People measure (guess) values often by estimation. For example someone could declare 

that speed was approximately 100 km/h but for sure not lower than 90 km/h and not 

higher than 110 km/h. This uncertainty could be managed by triangular fuzzy set (Figure 

1a). Respondents often estimate answers even for open ended questions. Furthermore, it 

could be useful to allow skilled interviewers to remark relevance of answers or the 

credibility of surveyed person.  

Another example is expressing staff knowledge about solving tasks and how to reveal 

appropriate solutions for new tasks. Similarity of task and collected information is under 

consideration in the fuzzy recommender systems [9]. 

The following question arises: Why we should manage fuzzy data? We could just select 

one crisp value as a representative of measured value. In could cause some unexpected 

results and the differently treatment of similar entities [1], [5], [10].  

4. FUZZY DATA IN RELATIONAL DATABASES 

Fuzzy meta model keeps all relevant fuzzy data and manages links to relational tables of 

real entities [1], [6]. The logical model of a municipal statistics database is shown in 

Figure 3. Each fuzzy value or linguistic term is represented by membership function. For 

example, the table trapezoidal has the following attributes (fuzzy_id, a, b, c, d) in order to 

manage storing trapezoidal fuzzy data (Figure 1b). In the same way we construct other 



relational tables for storing other types of fuzzy data. In the table territory columns 

flooded and pollution do not store real values but foreign keys to the respective tables 

where real values are stored as fuzzy. In this way relational database is capable to store 

fuzzy data and meet integrity rules. 

 
 

Fig.3. Fuzzy data of territorial units in relational database [1] 

The size of stored data is affected by number of fuzzy attributes (columns) and types of 

fuzzy sets. In the extreme situation all n attributes (excluding primary key) for all m 

entities are fuzzy of trapezoidal form. Therefore, the size of database is 9(m·n) [1]. 

Anyway, user should carefully decide which attributes should be stored as fuzzy and in 

which form. The validation rules warn users if they want to input values in inappropriate 

fuzzy set. Keeping in mind this deduction, we could say that the size of fuzzy relational 

database could be significantly lower than this extreme situation. 

Possibility and necessity functions [5] allow us to e.g. calculate the possibility that fuzzy 

data pollution about 20g belongs to the concept small pollution. It is useful in querying, 

disseminating and data processing. In mining summarizing information we could keep in 

mind disclosure control [10].  

Moreover, relational databases could be straightforwardly extended to manage fuzzy 

data. In case of fuzzifying existing attributes having already collected values, they should 

be migrated to fuzzy data (of singleton type). New values could be collected as fuzzy. 

We are now considering storing and managing fuzzy information expressed by linguistic 

terms for knowledge management. Merging this approach and approach discussed in [11] 

might be promising but definitely, further research is required. 

5. FUZZY DATA IN STANDARDS FOR DATA EXCHANGE 

Another interesting question is exchange of uncertain data and information among 

statistical organizations if needed. Standards like e.g. SDMX and DDI [12] could be   

utilized for this purpose. If we drew analogy between model explained in Figure 3 and 

the above standards then it implies that we could add tags on two levels. On the attributes 

level we should add tag which informs users that this attribute contains fuzzy 

information. For each observation we should add tags explaining type of fuzzy 

information (fuzzy set) and parameters of fuzzy set. Currently, these tags does not exist 

but they construction could be possible if institutions decide to use fuzzy data.   



6. CONCLUSION 

It should not be neglected that many real data of statistical interest are fuzzy. Crisp 

values cannot be always ideally measured or estimated without lost of relevant 

information. Therefore, we need an efficient way for storing them and re-using in variety 

of analyses. Account on that, our work was focused on managing fuzzy data in relational 

databases.  

We have solved the task by additional tables (fuzzy meta model) and have created 

validation rules. Each fuzzy data is represented by parameters of respective membership 

function. Therefore, mapping data into standards for data and metadata exchange could 

be promising. Number of fuzzy attributes and types of fuzzy sets affects size of the 

database and search time. Therefore, users should reasonably decide which attributes 

should be managed as fuzzy. 
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