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Abstract Fuzzy logic has been recognized as a useful approach in support of information retrieval. It helps
identify partially matched documents for a given query so that ranking the relevant documents becomes straight-
forward. Unfortunately, research on fuzzy information retrieval only focuses on the relevant estimation of the
retrieved documents but lacks the estimation of imprecise probability of obtaining such relevant documents. This
paper makes use of fuzzy probability (FP) to estimate the possibility of probability of retrieving documents with a
certain level of relevance. It first reviews the FP calculation method proposed in Huang and Shi [6], then presents
an enhanced FP calculation method. In addition, a novel FP calculation method is proposed. Realistic examples
are provided to demonstrate the use of the fuzzy probability estimation.

Keywords Information retrieval, fuzzy logic, fuzzy probability.

1 Introduction
An information retrieval system allows users to efficiently retrieve documents that are relevant to their interests.
To measure the efficiency and effectiveness of the retrieval, the recall and the precision have been used to justify
the performance. The former refers to the ratio of the number of correctly retrieved documents to that of the whole
available relevant documents, whilst the latter refers to the ratio of the number of correctly retrieved documents to
that of all retrieved documents. The goal of the retrieval system is to achieve better recall and higher precision.

The collection of documents from which the selected ones have to be retrieved might be extremely large and
the use of terminology might be inconsistent. One of the major problems in information retrieval is that usually
it cannot be guaranteed that the user queries include all of the actual relevant words that occur in the desired
documents. Also it often happens that words with several meanings occur in a document, but in a rather different
context from that expected by the querying person.

Many existing information retrieval systems are expressed with combination between keywords and phrases
search according to the direct keyword matching method to get the information which users need. In particular,
they can be classified into four categories: the boolean model, vector model, probabilistic model, and fuzzy model.

The boolean model is a simple retrieval model based on set theory and boolean algebra. Since the concept of
a set is quite intuitive, the boolean model provides a frame-work which is easy to grasp. The queries in a boolean
model are specified as boolean expressions. But the major problem with the boolean model is that the system
produces a set of related documents that exactly match the query while rejecting all other partial or non-matching
documents [1].

The vector model recognizes that the use of binary weights in the boolean model is too limiting and proposes a
framework in which partial matching is possible. This is accomplished by assigning non-binary weights to index
terms in queries and in documents. These term weights are ultimately used to compute the degree of similarity
between each document stored in the system and the user query. By sorting the retrieved documents in a decreasing
order of this similarity degree, the vector model takes into consideration documents which they match the query
terms only partially. The main resultant effect is that the ranked document answer set is a lot more precise than the
document answer set retrieved by the boolean model.

The probabilistic model attempts to capture the information retrieval problem within a probabilistic framework.
The fundamental idea is as follows. Given a query q and a document d in the collection, the probabilistic model
tries to estimate the probability that the user will find the document d interesting. The model assumes that this
probability of relevance depends on the query and the document representations only. Furthermore, the model
assumes that there is a subset of all documents which the user prefers as the answer set for the query q.

In order to make the information retrieval more intelligent, fuzzy logic [14] has been applied to automated
information retrieval [12] to deal with the imprecise information. For example, information retrieval methods by
using the concept matrix, where the elements in a concept matrix represent relevant values between concepts (key
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Figure 1: Fuzzy rules representing the relation between occurrence count and relevance of documents
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Figure 2: Sigmoid function transforming occurrence counts into membership degrees

words), has been proposed in [4, 11, 2]. Fuzzy information retrieval based on fuzzy hierarchical clustering and
fuzzy inference techniques has been presented in [10, 5]. Fuzzy tolerance relation between key words has been
introduced in [3, 7, 8, 9]. The technique of transforming occurrence counts into possibilistic fuzzy importance
degrees has also been proposed.

Unfortunately, current research on fuzzy information retrieval only focuses on the relevant estimation of the
retrieved documents but lacks the estimation of imprecise probability of obtaining such relevant documents. The
combination of using fuzzy terms to describe the relevance of documents and using fuzzy probability to describe
the possibility of obtaining such relevant documents provides a new way to handle ambiguous and imprecise
information. This paper makes use of fuzzy probability to estimate the possibility of probability of retrieving
documents with a certain level of relevance. It first reviews the FP calculation method proposed in Huang and Shi
[6], then presents an enhanced FP calculation method. In addition, a novel FP calculation method is proposed.

The rest of the paper is organized as follows: Section 2 describes a generic information retrieval model using
fuzzy logic, with extra attention paid to the work proposed by Kóczy et al. [9]. Section 3 reviews the FP calculation
method proposed by Huang and Shi [6] and then extends it to an enhanced one. A novel FP calculation method
is also been proposed. Section 4 gives examples to show the fuzzy probability estimation. Finally, Section 5
concludes the paper and points out important further work.

2 Generic fuzzy based information retrieval
Fuzzy rules are widely used to model complicated and non-linear systems due to their capability of obtaining
arbitrary accuracy for the problem on hand and their transparency in terms of interpretability. Therefore, they can
be used to represent the relation between the occurrence count of key word in a document and the relevance of this
document to the key word. Generally, the connection between occurrence count and relevance is monotonic, i.e.,
the more counts the key word appears in the document, the more relevant the document to the query specified by
such a key word. This can be represented by fuzzy rules listed as:

If the occurrence count is Ai, then the relevance of the document is Bi,

where Ai and Bi (as shown in Fig. 1), i = 1, 2, . . . , n, are fuzzy terms defined in the universe of discourse of
occurrence count and relevance respectively. Such a fuzzy rule base can assign a certain level of relevance to a
particular document.

For simplicity, only a few fuzzy rules may be used in a rule base to focus on the high occurrence count and
high relevance parts in Fig 1. In the extreme case, Kóczy et al. [9] implicitly adopt one fuzzy rule. In particular,
it simply uses a sigmoid function to transform the occurrence counts into possibilistic fuzzy importance degrees.
The typical characteristics of such a sigmoid function can be seen in Fig 2. Depending on the length of the
document and the occurrence counts of particular key words, the characteristics of the sigmoid curve can change.
Membership degrees generated by the occurrence count transformation can be interpreted as possibility measures
of a certain document being relevant for a query. The query can thus be carried out by using such degrees.
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Figure 3: Fuzzy membership function of occurrence counts

Table 1: Occurrence counts of key words in the collection of documents of the example

W/D 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
“damage” 0 0 0 0 0 1 21 2 0 0 2 0 0 0 0 0 1 6 0 1
“bedroom” 0 0 0 0 0 0 2 3 0 0 4 9 1 0 0 1 0 0 2 0

“carpet” 2 0 9 4 0 0 4 8 0 0 29 0 0 0 0 0 0 0 0 51

Table 2: Possibilistic relevance degrees of key words in the selected collection of documents of the example

W/D 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
“damage” 0 0 0 0 0 0.2 1 0.4 0 0 0.4 0 0 0 0 0 0.2 1 0 0.2
“bedroom” 0 0 0 0 0 0 0.4 0.6 0 0 0.8 1 0.2 0 0 0.2 0 0 0.4 0

“carpet” 0.4 0 1 0.8 0 0 0.8 1 0 0 1 0 0 0 0 0 0 0 0 1

The same query examples as in [9] will be presented in the following. The difference is that for simplicity, a
piecewise fuzzy membership function M representing “more” occurrence count (as shown in Fig 3) is used here
to replace the sigmoid function used in [9]. An additional fuzzy membership function L representing the “less”
occurrence count is also defined for FP calculation purpose (see section 3).

The examples are based on the legal data base http://www.AustLII.edu.au. A small representative examples
of 20 documents D1, D2, . . . , D20 have been selected for the experiment. According to the occurrence counts of
words, three key words damage, bedroom and carpet have been used for these 20 documents and the occurrence
counts of in the collection of 20 documents are shown in Table 1. Based on the “more” fuzzy membership function
M (or the occurrence count - relevant degree transformation) defined in Fig 3, the occurrence counts in Table 1 are
transformed into possibilistic relevance degrees as shown in Table 2.

As with [9], ad hoc categories of retrieved documents are defined to illustrate the fuzzy relevant degree: Very
important documents (µ = 1), Rather important documents (1 > µ ≥ 0.9), Reasonably important documents
(0.9 > µ ≥ 0.7), Somewhat important documents (0.7 > µ ≥ 0.4), Tangentially important documents (0.4 > µ >
0). As a matter of course, the threshold values can be adapted to any concrete applications.

Query 1. “Damage”
Very important documents: D7, D18.
Rather important documents: ∅

Reasonably important documents: ∅

Somewhat important documents: D8, D11.
Tangentially important documents: D6, D17, D20.

In the following simple joint and conjunction queries are discussed. A simple joint and a simple conjunction
queries have two key words, connected by “or” and “and” operators respectively. The queries of “bedroom or
carpet” and “bedroom and carpet” are provided as examples. First, the single queries for each key word are listed
as follows.

Query 2. “Bedroom”
Very important documents: D12

Rather important documents: ∅

Reasonably important documents: D11

Somewhat important documents: D7, D8, D19.
Tangentially important documents: D13, D16.

Query 3. “Carpet”
Very important documents: D3, D8, D11, D20.
Rather important documents: ∅



Table 3: Occurrence counts and relevance degrees of the queries of “bedroom or carpet” and “bedroom and carpet”

W/D 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
“or” occurrence 2 0 9 4 0 0 6 11 0 0 33 9 1 0 0 1 0 0 2 51

“or” degree 0.4 0 1 0.8 0 0 1 1 0 0 1 1 0.2 0 0 0.2 0 0 0.4 1
“and” occurrence 0 0 0 0 0 0 2 3 0 0 4 0 0 0 0 0 0 0 0 0

“and” degree 0 0 0 0 0 0 0.4 0.6 0 0 0.8 0 0 0 0 0 0 0 0 0

Reasonably important documents: D4, D7.
Somewhat important documents: D1

Tangentially important documents: ∅

If “bedroom or carpet” is queried, it means any of those two words equally contributes to fining the relevant
documents. The occurrence count of such a joint query can thus be calculated as the sum of the occurrence counts
of two key words. The relevance degrees can thus be obtained using such summed key word count and the “more”
fuzzy term defined in Fig 3. It is worth noting that the relevance degree of a document in a joint query is not the sum
of the relevance degrees of two individual queries. If however, “carpet and bedroom” is queried, the conjunction
occurrence count and relevance degree are calculated by choosing the min of two occurrence counts and relevance
degrees. Table 3 shows the occurrence counts and the relevance degrees of the queries of “bedroom or carpet” and
“bedroom and carpet” respectively. These queries can thus be summarized in the following:

Query 4. “Bedroom or carpet”
Very important documents: D3, D7, D8, D11, D12, D20.
Rather important documents: ∅

Reasonably important documents: D4

Somewhat important documents: D1, D19.
Tangentially important documents: D13, D16.

Query 5. “Bedroom and carpet”
Very important documents: ∅

Rather important documents: ∅

Reasonably important documents: D11

Somewhat important documents: D7, D8.
Tangentially important documents: ∅

3 Fuzzy probability estimation
Probability is the most common theory in uncertainty. It has been used to model uncertainty for decades. However,
circumstances arise in which precise values for the probability estimation of events are unavailable, these situations
often occur in three situations: 1) probabilities are supplied by human beings; 2) the number of sample events is too
small to give a sound probability assessment; and 3) the events to be assessed using probability are fuzzy events,
i.e., they are represented by fuzzy sets.

This paper deals with the third case as the queries involve fuzzy events. One example is to estimate the
probability of retrieving “very relevant” documents. As “very relevant” can be represented by a fuzzy set, the
probability of such documents is hence imprecise. This cannot be modelled by the traditional probability theory
and it therefore gives rise to the use of fuzzy sets to represent the imprecise probabilities, which is denoted as fuzzy
probability. Fig. 4 shows an example of fuzzy probability of obtaining “very important” documents. As can be
seen, it is certain (with a possibility value of 1) to obtain “very important” documents with probability 30%, and it
is quite possible (with a possibility value of 0.8) to obtain “very important” documents with a range of probability
from 20% to 35%. The higher possibility value leads to the narrower estimation of probability. In the extreme
case, the peak point in the fuzzy probability set corresponds to the traditional probability estimation. That is, the
traditional probability estimation is just a specific case of fuzzy probability estimation.

Fuzzy probability can provide a range of probabilities of fuzzy events if a possibility value is given. This
is achieved by using the α-cut level (α ∈ [0, 1]) from the horizontal point of view. If the fuzzy probability is
interpreted from the vertical point of view, the term possibility of probability to obtaining fuzzy events can be
used. For example, one can say, the possibility of probability of 20% in obtaining “very important“ is 0.8, so
is the probability of 35%, but not the probability of 40%, as 40% gives a possibility of 0.4 to obtaining “very
important” documents. In summary, fuzzy probability is used to estimate ranges (rather than singleton values) of
obtaining fuzzy events, from the horizontal perspective, whilst possibility of probability is used to provides the
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Figure 4: A fuzzy probability estimation of obtaining “very important” documents
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Figure 5: Exclusive intervals of the universe of discourse

possibilities of given probabilities to obtaining fuzzy events, from the vertical perspective. They are two different
interpretations of the same fuzzy probability figure (such as Fig. 4) and they may be interchangeable.

There are considerable studies on fuzzy probability. For example, the possibility-probability distribution [6]
has been recently proposed to estimate fuzzy risk in an example of floods where the probability of exceeding losses
from floods is not one value but a fuzzy number. The problem of decision making [13], selecting a best alternative
action, in the face of a fuzzy probability assessment is investigated.

This paper first gives a brief review of the FP calculation method proposed in Huang and Shi [6]. Such
a calculation divides events (flood loss in that case) into mutually exclusive categories, then the possibility of
probability of such categories is computed as a fuzzy number. The second step is creative but the first step may not
well represent the imprecise information existing in the real world. Instead of using mutually exclusive categories,
fuzzy division of events is adopted in this paper, resulting in an enhanced FP calculation method. In addition, a
novel and intuitive method of calculating fuzzy probability via fuzzy membership values is proposed.

3.1 Original FP calculation method
This subsection reviews the FP calculation method proposed by Huang and Shi [6]. The definition of fuzzy
probability is first introduced, which is interchangeable with possibility of probability in this paper.

Definition 1 Let X = {A1, A2, . . . , An} be n fuzzy terms or intervals in the space of interest, P = [0, 1] be
the universe of discourse of probability, then πAi

(p), where i ∈ {1, . . . , n}, p ∈ P , be fuzzy probability of Ai

(i = 1, . . . , n) occurring being p.

In [6], Ai, i = {1, . . . , n}, are evenly distributed in the space of interest as shown in Fig 5. U = {u1, . . . , un}
are the middle values of Ai and ui (i = {1, . . . , n}) are called controlling points. Let uj+1 − uj ≡M, j =
{1, . . . , n − 1}. For a compact demonstration, only the space between uj and uj+1 is considered in calculating
the FP of fuzzy term Aj . That is, the FP calculation presented here only concerns the right part of fuzzy set Aj ,
although the left part should be also considered in the same manner to compute the whole fuzzy term Aj’s fuzzy
probability. For simplicity, the fuzzy term Aj used hereafter only considers the right part of Aj as shown in Fig 5.
Assume n1 data points X = {x1, . . . , xn1

} fall in [uj , uj + M

2 ] and n2 data points Y = {y1, . . . , yn2
} fall in

(uj + M

2 , uj+1]. Let n = n1 + n2. Hence, the fuzzy probability of n1

n
for Aj occurring can be defined as 1. That

is,
πAj

(
n1

n
) = 1. (1)
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Figure 6: Fuzzy membership functions of the universe of discourse

Now considering the possibility that one of n1 data may leave interval Aj . It is obvious that the maximal value
of xi, i = {1, . . . , n1}, is mostly possible to leave. Without losing generality, let assume xn1

as shown in Fig 5 be
such a data point, then the possibility of probability of Aj occurring being n1−1

n
can be calculated as:

πAj
(
n1 − 1

n
) =

xn1
− uj
M

. (2)

Similarly, if two data points are considered to move away from Aj , it is high likely that this happens to the two
data points which have the maximal values, say xn1−1 and xn1

. As xn1−1 is less likely to move away than xn1

due to it being closer to the controlling point of interval Aj . The possibility of probability of Aj occurring being
n1−2
n

is thus calculated based on xn1−1. That is,

πAj
(
n1 − 2

n
) =

xn1−1 − uj
M

. (3)

Similar processes are carried out until all the n1 data points move away from interval Aj . It is worth noting that
the controlling points ui, i = {1, . . . , n}, are the barriers which prevent the data from moving too far away from
their original positions.

On the other hand, one or more of the data points from Y = {y1, . . . , yn2
} may move to Aj when there is a

disturbance in the experiment. Again, it is safe to assume that the minimal value of Y = {y1, . . . , yn2
}, say y1, is

most likely to move due to the fact that it is has the closest distance to the controlling point of fuzzy term Aj . The
possibility of probability of Aj occurring being n1+1

n
can thus be calculated as:

πAj
(
n1 + 1

n
) =

uj+1 − y1

M
. (4)

The possibility of probability of Aj occurring being n1+2
n

can be similarly calculated as:

πAj
(
n1 + 2

n
) =

uj+1 − y2

M
. (5)

Similar processes are carried out until all the data points in Y = {y1, . . . , yn2
} are moved into Aj .

3.2 Enhanced FP calculation method
Instead of using mutually exclusive intervals, fuzzy divisions of data points are employed (as shown in Fig 6) as
an extension of the method proposed in [6]. In this figure, the trapezoidal fuzzy membership functions are adopted
for computational simplicity. U = {u1, . . . , un} are the middle core of Ai (i.e., the middle point of the α-cut with
α = 1). Note that (uj+1 − uj) vary for j = {1, . . . , n− 1}. Again, attention is drawn into the range of [uj , uj+1].
Let the distance of this range be d. Assume n data points X = {x1, . . . , xn} fall in [uj , uj+1]. Let the fuzzy
membership value of X with respect to fuzzy functions Aj and Aj+1 be µAj

(xi), µAj+1
(xi) respectively, where

i = {1, . . . , n}. Let S1 =
∑n

i=1 µAj
(xi), S2 =

∑n
i=1 µAj+1

(xi), and S = S1 + S2, the fuzzy probability of S1

S

for Aj occurring can be defined as 1. That is,

πAj
(
S1

S
) = 1. (6)

Now considering the possibility of that one of n data may leave from fuzzy term Aj . It is worth noting that
here the move causes the graduate fuzzy membership value changes for Aj and Aj+1, rather than the sudden jump
from one interval to another (as described in subsection 3.1). The datum which has the minimal positive value of
fuzzy term Aj , say, xk, k ∈ [1, n], is mostly possible to leave, then the possibility of probability of Aj occurring

being
S1−µAj

(xk)

S
can be calculated as:



πAj
(
S1 − µAj

(xk)

S
) =

xk − uj
d

. (7)

Similarly, two data points, say xk and xk−1, k ∈ [1, n] and k − 1 ∈ [1, n], which have the minimal positive
membership values with fuzzy term Aj , are most likely to move away from Aj . As xk−1 is less likely than xk due
to it being closer to the controlling point of fuzzy set Aj . The possibility of probability is thus calculated based on
xk−1. That is,

πAj
(
S1 − µAj

(xk)− µAj
(xk−1)

S
) =

xk−1 − uj
d

. (8)

Similar processes are carried out until all the S1 membership values of data points xi, i = {1, . . . , k}, move away
from fuzzy term Aj .

Conversely, it is possible for some data points moving towards fuzzy term Aj so that the total membership
associated with it (i.e., S1) increases. Suppose xm has the minimal positive value of fuzzy term Aj+1 and it
is thereby mostly possible to leave Aj+1, converting the fuzzy membership value of Aj+1 to that of Aj . The

possibility of probability of Aj occurring being
S1+µAj+1

(xm)

S
can be calculated as:

πAj
(
S1 + µAj+1

(xm)

S
) =

uj+1 − xm
d

. (9)

Similarly, the possibility of probability of Aj occurring being
S1+µAj+1

(xm)+µAj+1
(xm+1)

S
can be calculated as:

πAj
(
S1 + µAj+1

(xm) + µAj+1
(xm+1)

S
) =

uj+1 − xm+1

d
. (10)

Similar processes are carried out until all the S2 membership values associated with fuzzy term Aj+1 move away.

3.3 A novel FP calculation method
The original and enhanced FP calculation methods presented in subsection 3.1 and 3.2 make use of the ratios of
distances in calculating the possibility of probability for each fuzzy term. The newly proposed method calculates
the fuzzy probability using the ratios of the fuzzy membership values.

Equation (6) holds here as with the enhanced FP calculation method. Now considering the possibility that one
of n data may leave from fuzzy term Aj . The datum xk, k ∈ [1, n], which has the minimal positive value of

fuzzy term Aj , is mostly possible to leave, the possibility of probability of Aj occurring being
S1−µAj

(xk)

S
can be

calculated as:

π′Aj
(
S1 − µAj

(xk)

S
) =

µAj+1
(xk)

µAj
(xk)

. (11)

Similarly, two data points, say xk and xk−1, k ∈ [1, n] and k − 1 ∈ [1, n], which have the minimal positive
membership values with fuzzy term Aj , are most likely to move away from Aj . As xk−1 is less likely to move
away than xk due to it being closer to the controlling point of fuzzy set Aj . The possibility is thus calculated based
on xk−1. That is,

π′Aj
(
S1 − µAj

(xk)− µAj
(xk−1)

S
) =

µAj+1
(xk−1)

µAj
(xk−1)

. (12)

Similar processes are carried out until all the S1 membership values of data points xi, i = {1, . . . , k}, move away.
Conversely, it is possible for some data points moving towards fuzzy term Aj so that the total membership

associated with it (i.e., S1) increases. Suppose xm has the minimal positive value of fuzzy term Aj+1 and it
is thereby mostly possible to leave Aj+1, converting the fuzzy membership value of Aj+1 to that of Aj . The

possibility of probability of Aj occurring being
S1+µAj+1

(xm)

S
can be calculated as:

π′Aj
(
S1 + µAj+1

(xm)

S
) =

µAj
(xm)

µAj+1
(xm)

. (13)

Similarly, the possibility of probability of Aj occurring being
S1+µAj+1

(xm)+µAj+1
(xm+1)

S
can be calculated as:

π′Aj
(
S1 + µAj+1

(xm) + µAj+1
(xm+1)

S
) =

µAj
(xm+1)

µAj+1
(xm+1)

. (14)

Similar processes are carried out until all the S2 membership values associated with fuzzy term Aj+1 move away.
The proposed method results in the calculated fuzzy probability values in a range of [0,+∞). In order to

obtain valid fuzzy values, the transformation function T : π′ ∈ [0,+∞) → π ∈ [0, 1] as follows is applied to
every calculated π′.

π =
2

1 + e−π′
− 1. (15)



Table 4: Fuzzy probability of fuzzy term L in three FP calculation schemes
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Table 5: Fuzzy probability of fuzzy term M in three FP calculation schemes
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Figure 7: Fuzzy probability of fuzzy term L and M respectively

4 Illustrative examples
In this section, the examples presented in section 2 are used to show the fuzzy probability estimation. In order to
calculate the fuzzy probability, the complementary fuzzy set “less” L of the “more” fuzzy set M is first constructed
(see Fig 3). The fuzzy probability of each fuzzy set is then calculated according to the enhanced and newly
proposed FP calculation methods. As fuzzy partition is used in the example (otherwise, it is a boolean information
retrieval model), the original FP calculation method proposed in [6] is not applicable here.

FP estimation of query 1. Given the query word “damage”, the fuzzy probabilities of fuzzy term L and M are
obtained (as shown in table 4 and table 5 respectively) using three schemes, namely, the enhanced FP calculation
with fuzzy termM ’s controlling point being 5 (enhanced 1 in the table), being 21, which is the maximal occurrence
count for all documents (enhanced 2), and the newly proposed fuzzy probability calculation (newly proposed).
Fig. 7 shows the fuzzy probability of fuzzy term L and M with three different schemes.

The fuzzy probabilities generated here can be used to estimate the FP of retrieving documents with a certain
level of relevance. In the following, the enhanced 1 scheme is used for such estimations (other schemes apply in
the same manner). For example, apply the α-cut of 1 associated with very important documents to the fuzzy
probability of M , a probability of 3.4

20 is obtained which is the probability of obtaining such very important
documents. Similarly, if the α-cut of 0.4 which is associated with the somewhat important documents is applied
to fuzzy probability of M , the range of [1.67/20, 4.6/20] is estimated as the probability range of retrieving such
somewhat important documents. The combination of using fuzzy terms to describe the relevance of documents
and using fuzzy probability to describe the possibility of obtaining such relevant documents provides a new way
to handle ambiguous and imprecise information.

Note that in each scheme, the fuzzy probability terms of M and L are complemented with each other on every
α-cut level, α ∈ [0, 1]. This is in accordance with the probability theory in which the sum of probability of all
possible events is equal to 1.

FP estimation of query 4. In this example, only the fuzzy probability of fuzzy term M which accounts for
the relevance of the documents is considered, whilst the fuzzy term L which accounts for the non-relevance of
the documents is omitted. For simplicity, only enhanced 1 scheme is chosen to estimate query 4 (of course, other
schemes can be applied). First the fuzzy probabilities of fuzzy term “more” M for key words “bedroom” and
“carpet” are calculated respectively (as shown in Fig. 8).

Since both of the two key words contribute to finding the relevant documents, the probability of finding joint
relevant documents may be calculated as the sum of the two probability ranges. In particular, let the probability



probability

a
2a 2b

1b

0

0.2

0.4

0.6

0.8

1.0

0/20      2/20      4/20       6/20      8/20      10/20    12/20     14/20    16/20     18/20     20/20

bedroom carpet

α

possibility

1

Figure 8: Fuzzy probability of fuzzy terms M for “bedroom” and “carpet”

bedroom carpet

whole documents

Figure 9: Set representation of documents

range of “bedroom” and “carpet” on α-cut level (α ∈ [0, 1]) be [a1, b1] and [a2, b2] respectively. The probability
range of the jointly query in the same α-cut is calculated as [a1+a2, b1+b2]. However, this raise a potential problem
in which some documents may be repeatedly counted. This can be explained in Fig 9. The ellipses including
“bedroom” and “carpet” stand for the documents relevant to “bedroom” and “carpet” queries respectively. Such
ellipses may have blur boundary to represent the fuzziness of relevance. The area of the ellipse is proportional to
the number of documents it contains. The sum operator is a bold estimation as it always gives a wider estimation
range. Similarly, the max operator is too conservative. These two operators can estimate the lower and upper
bounds of the probability of the joint query, but neither of them provides an accurate estimation. One alternative is
to calculate [a1 + a2 − a1 ∗ a2, b1 + b2 − b1 ∗ b2] as the estimated probability range.

FP estimation of query 5. This example attempts to estimate the probability range of a conjunction query, in
which both “bedroom” and “carpet” are included. The min operator may be used to estimate the probability range
of conjunction query, but it may be too bold, i.e., offers a wider probability range. A better way may adopt the
product operator.

5 Conclusion
Based on the work of [6], an enhanced FP calculation method has been proposed in this paper. Furthermore, a
novel FP calculation method has been proposed via the use of membership values. Realistic examples have been
provided to demonstrate the use of the FP estimation.

For single key word queries, FP can be successfully used to estimate the fuzzy probability of finding docu-
ments with a certain level of relevance, providing a useful way of modelling imprecise knowledge involving both
possibility and probability uncertainty. However, much work is required to improve the accuracy of FI estimation
on joint, conjunction or even more complex queries. In order to achieve this goal, it is essential to integrate the
knowledge of document relevance (relation) into fuzzy probability, which is one of the important future tasks.
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