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Abstract. This paper presents a relevance feedback procedure based
on logistic regression analysis. Since, the dimension of the feature vector
associated to each image is typically larger than the number of evalu-
ated images by the user, different logistic regression models have to be
fitted separately. Each fitted model provides us with a relevance proba-
bility and a confidence interval for that probability. In order to aggregate
these set of probabilities and confidence intervals we use an IOWA oper-
ator. The results will show the success of our algorithm and that OWA
operators are an efficient and natural way of dealing with this kind of
fusion problems.
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1 Introduction

An aggregation operator is designed to reduce a set of objects into a unique rep-
resentative one. The average or the weighted average are prototypes of numeric
aggregation operators. OrderedWeighted Averaging (OWA) operators generalize
the idea of the weighted average and in an additive form include the minimum
and the maximum as particular cases. An important feature of these operators
is the reordering step: the arguments are ordered by their value. Then a vec-
tor of weights is selected in order to model some aggregation imperative. Since
their introduction in 1988 [8] OWA operators have been successfully used in
a wide range of applications Yager and Filev introduced the class of Induced
OWA (IOWA) operators in which the ordering of the arguments is induced by
another variable called the inducing order variable. IOWA operators allow us to
aggregate not only numerical quantities but also objects as intervals.

In a previous work we have made use of OWA operators [7] to fuse a collection
of relevance probabilities into a single one in a Content Based Image Retrieval
(CBIR) system. CBIR systems are one of the most promising techniques for
retrieving multimedia information [6]. Visual features related to color, shape
and texture are extracted in order to describe the image content. A general
classification can be made: low level features (color, texture and shape) and high
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level features (usually obtained by combining low level features in a reasonable
predefined model). Since high level features have a strong dependency with the
application domain, many research activities have been focused on the extraction
of good low level descriptors [3] [2]. A query can be seen as an expression of
an information need to be satisfied. Any CBIR system aims at finding images
relevant to a query. The relationship between any image in the database and
a particular query can be expressed by a relevance value. This relevance value
relies on the user perceived satisfaction and can be interpreted as a relevance
probability. In this work a relevance probability π(x) is a quantity which reflects
the estimate of the relevance of the image with low level feature vector x with
respect to the user’s information needs. Initially, every image in the database is
equally likely, but as more information of the user’s preferences is available, the
probability concentrates on a subset of the database. The iterative algorithms
which, in order to improve the result set from a query, require that the user enters
his preferences in each iteration are called relevance feedback algorithms [9]. In
[7] we presented a first version of the procedure (based on logistic regression
analysis) that we improve in this work. In our algorithm, the image database is
ranked by the output of the logistic regression model and shown to the user, who
selects a few positive and negative samples, repeating the process in an iterative
way until he/she is satisfied. The problem of the small sample size with respect
to the number of features is solved by adjusting several partial generalized linear
models and combining their relevance probabilities (and their confidence interval
for those probabilities). Thus, we face to the question of how to combine them in
order to rank the database. We have seen this question as an information fusion
problem which is takled by using OWA and IOWA operators.

The major improvements introduced in this paper compared to [7] are the
use of confidence intervals as the estimation for relevance probabilities, and the
aggregation of them using an IOWA operator. Another novelty comes from the
use of bootstrap sampling to compensate the size of the sample set that feeds
the different logistic regression models.

Section 2 is a brief recall of the notation corresponding to OWA and IOWA
operators. Section 3 summarize how logistic regression is applied to our CBIR
system. In section 4 IOWA operator is explained. The bootstrap selection of
sample images and the ranking procedure is detailed in section 5. In section 6
and 7 we present the experimental results and we extract some conclusions.

2 Notation and Preliminary Results

An OWA operator of dimension m is a mapping f : Rm → R with an asso-
ciated weighting vector W = (w1, . . . , wm) such that

∑m
j=1 wj = 1 and where

f(a1, . . . , am) =
∑m

j=1 wjbj being bj the j-th largest element of the collection of
aggregated objects a1, . . . , am. For W = (1, 0, . . . , 0) we obtain f(a1, . . . , am) =
maxi ai, forW = (0, 0, . . . , 1), f(a1, . . . , am)=mini ai and forW=( 1

m , 1
m , . . . , 1

m ),
we have that f(a1, . . . , am)= 1

m

∑m
j=i ai.
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As OWA operators are bounded by the Max and Min operators, Yager intro-
duced a measure call orness to characterize the degree to which the aggregation
is like an or (Max) operation: orness(W ) = 1

m−1

∑m
i=1(m− i)wi

This author also introduced the concept of dispersion or entropy associated
with the weighting vector Disp(W ) =

∑m
i=1 wi lnwi. It reflects how much of the

information in the arguments is used during an aggregation based on W .
Yager extended the OWA operator to the case where the arguments to be

aggregated are in an interval [a, b]. Let Q : [0, 1] → [0, 1] be a function having
the properties of Q(0) = 0, Q(1) = 1 and Q(x) ≥ Q(y) if x > y, then Q is a basic
unit-interval monotonic (BUM) function. This function provides the weights of
the values in the interval. And the corresponding continuous interval argument
OWA (COWA) operator FQ is defined as :

FQ([a, b]) =

∫ 1

0

dQ(y)

dy
(b− y(b− a))dy = a+ (b − a)

∫ 1

0

Q(y)dy. (1)

If we denote λ =
∫ 1

0
Q(y)dy we have that FQ([a, b]) = (1− λ)a+ λb, and λ is

called the attitudinal character of the BUM function Q and its interpretation is
similar to the orness.

An Induced Ordered Weighted Average (IOWA) operator of dimension m
is a function ΦW : R × R

m → R with an associated weighting vector W =
(w1, . . . , wm) such that

∑m
j=1 wj = 1, and it is defined to aggregate the set of

second arguments of a list of m 2-tuples {(v1, d1), . . . , (vm, dm)} according to the
expression ΦW ((v1, d1), . . . , (vm, dm)) =

∑m
i=1 widσ(i) where σ is a permutation

of {1, . . . ,m} such that vσ(i) ≥ vσ(i+1), ∀i ∈ 1, . . . ,m− 1, i.e. (vσ(i), dσ(i)) is the
2-tuple with vσ(i) the i-th highest value in the set {v1, . . . , vm}. Yager and Filev
[4] call the set of values {vi}mi=1 the values of an inducing order variable and
{di}mi=1 the values of the argument variable.

3 A Relevance Feedback Mechanism

Previously to the application of the CBIR algorithm each image has been de-
scribed by using low level features and the j-th image is identified to a k-
dimensional feature vector xj . Our system can work currently with different
low level features such as color and texture.

At every iteration of the procedure, the user inspects a (non-random) sample
of images from the database and makes a number of positive and negative selec-
tions We would like to point out that the first screen in our method shows a set
of representatives of the database obtained through a Partition Around Medoids
(PAM) method [5]. In this way, the user is able to inspect a variety of images and
hopefully some images are similar to his/her query. The information provided
by the user is captured in a binary variable Y where Y = 1 or Y = 0 indicates
that a given image in the sample is classified as an example or counter-example
respectively. We have to model the distribution of Y with the low level features
associated to the image.
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Generalized linear models (GLMs) extend ordinary regression models to en-
compass non-normal response distributions and modeling functions of the mean.
In particular, logistic regression models are the most important for categorical
response data. For a binary response variable Y and t explanatory variables
X1, . . . , Xt, the model for π(x) = P (Y = 1 | x) at values x = (x1, . . . , xt) of

predictors is logit[π(x)] = α+ β1x1 + . . .+ βtxt, where logit[π(x)] = ln π(x)
1−π(x) .

A practical question arises at this point: the user evaluates a small number of
images, let us say nr, at each iteration r of the whole search process, and nr is
very small compared to the dimension, k, of the vector of characteristics x. Our
approach consists in partitioning the set of characteristics into C homogeneous
subsets, i.e. we consider x = (x(1), . . . , x(C)) i.e. x ∈ R

k where k =
∑C

c=1 kc.
Each x(i) corresponds to a set of semantically related characteristics (for instance
color).

Then, we consider separately each subvector x(j), j = 1, . . . , C and fit a re-
gression model. For simplicity, let us denote by u one of these subvectors and by
t its dimension. We will estimate the probability that Y = 1 given the feature
vector u i.e. P (Y = 1|u) = π(u). In order to estimate this probability we take
into account that our data in a given iteration, will be the sample (ui, yi) with
i = 1, . . . , n where ui and yi are the feature vector and the user preference for the
i-th image evaluated in the iteration. We fit a logistic regression model assuming
that the data (ui, yi) with i = 1, . . . , n are independent. The random variable Y ,
giving the random preference for an image with feature vector u, has a Bernoulli
distribution (where 1 means success or that image is considered relevant) where
the probability of one is π(u). In summary, Y conditioned to u is distributed
as Y ∼ Bi(1, π(u)). Furthermore, the different Yi’s (given the feature vectors
ui’s) are conditionally independent. Furthermore the logistic regression model
will assume that

π(u) =
exp(β0 + β1u1 + . . .+ βtut)

1 + exp(β0 + β1u1 + . . .+ βtut)
. (2)

We can compute the maximun likelihood estimator of β = (β0, β1, . . . , βt)
′,

β̂, by using the Fisher Scoring method as usual (see [1], pp. 145-149). The
probability π(u) is estimated by replacing in the equation 2, the parameters

β by the corresponding MLE β̂. The corresponding confidence interval for this
probability can be calculated by using the distribution of β̂. Let us denote the
corresponding confidence interval as I({(u1, y1), . . . , (un, yn)}).

For each image the output of the logistic regression module provides a set of
C confidence intervals for C relevance probabilities, they have been obtained by
considering C different sets of low level characteristics of the image. Clearly, we
need to use an aggregation operator to combine them.

4 An IOWA Operator

We need to aggregate the different confidence intervals associated to the different
subvectors. Let us denote by I1(x), I2(x), . . . , IC(x) the confidence intervals for
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the probabilities of relevance associated to a given image with low level features
x. The indices 1, . . . , C correspond to different subsets of characteristics of the
image.

For any interval Ii(x) = (πi − li, πi + li) we define an inducing order variable
that takes into account both the interval amplitude 2li and its midpoint πi

according to: FQ(πi − li, πi + li) = πi − 1
3 li for i = 1, . . . , C. Notice that, in

this way, we aggregate the continuous intervals making use of a COWA operator
with BUM function Q(y) = y2, y ∈ [0, 1] with an attitudinal character λ = 1

3 .
Let us denote by vi the aggregated value of Ii(x) for i = 1, . . . , C, then

{vi}Ci=1 are the values of the variable, which induces the order within the inter-
vals. Let us denote by I(1)(x), . . . , I(C)(x) the ordered intervals, then we use a
vector of weights w = (wi, . . . , wC) to aggregate them. The final interval will be
∑C

j=1 wjI(j)(x). Next, we will explain our proposal for the weighting vector.
A key issue in defining an OWA operator is the choice of the vector of weights.

Several approaches have been presented including learning from data, exponen-
tial smoothing or aggregating by quantifiers. Our proposal (already detailed in
[7]) is to construct a parametric family of weights as a mixture of a binomial
and a discrete uniform distributions. One of the advantages of the use of this
family of weights is that the binomial distribution allows us to concentrate the
higher values of the weights around μ = (m − 1)α, while the discrete uniform
component of the mixture allows us to keep the weights away from μ high enough
so the information from all relevance probabilities is taken into account in the
aggregation process.

5 Ranking the Database

This section explains how we combined historical information from all iterations
together with all the theoretical concepts explained in previous sections to obtain
one single relevance probability value that would allow us to rank the images in
the database.

5.1 Learning from Previous Iterations

Let us denote by n+
r and n−

r the number of images marked as relevant and
non-relevant at the r-th iteration respectively. The experience shows that n−

r is
usually much greater than n+

r , thus the sample is clearly unbalanced.
In order to correct the bias, we use a randomization procedure that takes

into account the positive and negative selections of the r-th iteration as well
as the ones selected by the user in all iterations previous to the r-th. Let us
denote by N+

r and N−
r the sets of relevant and non-relevant images stored along

the iterations 1, . . . , r respectively. The logistic regression model described in
section 3 is fed with a set of n+ and n− randomly selected images without
replacement from N+

r and N−
r respectively. In our procedure the sample sizes

n+ and n− remain constant through all iterations. A reasonable condition would
be that an image selected (as positive or negative) in a particular iteration, q,
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has more probability to be included amongst the n+ and n− sample images
than one selected in iteration q−1. This way, the probability of a positive image
to be included is: P (x+

q ) = 2q∑
r
t=1 2tn+

t

, where q is the iteration where image

x+
q was positively evaluated, r is the present iteration, and n+

t is the number
of relevant images in iteration t. For a non-relevant image, the probability is:
P (x−

q ) = q
∑r

t=1 tn−
t

, where q is the iteration where image x−
q was negatively

evaluated, and n−
t is the number of non-relevant images in iteration t.

P (x−
q ) increases linearly with respect to the iterations, while P (x+

q ) increases
exponentially. This difference is because if the user considers an image as non-
relevant he will not change his mind at any point of the query. On the other
hand, as the search progresses, it can be assumed that the user is much more
interested in the most recently relevant selections than in the previous ones. This
is the reason why a much more abrupt memory function (like the exponential)
is used.

5.2 The Algorithm

Summarizing, in every iteration the ranking procedure works as follows:

– We have a database composed of N images, each one with feature vector xj ,

with j = 1 . . .N . Each feature vector is splitted in C subvectors x
(c)
j , with

c = 1 . . . C.
– For every x

(c)
j , S intervals for the estimation of the relevance probability

are computed: Icj,s, with s = 1 . . . S. The intervals I
(c)
j,s are the outcome of

S logistic regression models. The input of these models are random sets
composed of n+ and n− sample images.

– The S intervals I
(c)
j,s are averaged thus obtaining one single interval for ev-

ery subvector and image: Ĩ
(c)
j =< I

(c)
j,s >s, where <>s means arithmetical

averaging over the s variable.
– The C intervals corresponding to image j, j = 1 . . . N , are aggregated by

means of an IOWA to obtain a single and only interval for every image Ĩj .
– COWA operator with attitudinal character λ = 1/3 is used to select one

single value from the Ĩj intervals to represent them. These N values are
used to re-rank the database.

6 Experimental Results

6.1 Experimental Setup

A database with a total number of about 4700 images has been used for the
experiments. The semantic content of the images contained in this experimen-
tal database covers a wide variety of themes such as flowers, horses, paintings,
landscapes, trees, etc.

In order to evaluate our proposed search procedure, a test was repeated for
several distinct users and images. The objective of the test was to find a certain



Content Based Image Retrieval Using Logistic Regression 359

(a) (b) (c) (d)

(e) (f) (g)

Re
le

va
nc

e 
pr

ob
ab

ili
ty

0.8

0.6

0.4

0.2

1

0

Iteration 30 1 2

Im
ag

e 
po

si
tio

n
4500
4000
3500
3000
2500
2000
1500
1000
500 Re

le
va

nc
e 

pr
ob

ab
ili

ty
0.8

0.6

0.4

0.2

1

0

Iteration 30 1 2

Im
ag

e 
po

si
tio

n

4500
4000
3500
3000
2500
2000
1500
1000
500

(h) (i)

Fig. 1. Target images used in experiments. Figure also shows in (h) and (i) the evolu-
tion of (+) relevance probability, (*) superior and (o) inferior limits of confidence in-
terval, and (�) position through iterations for the target image in a particular search.

image (target image) amongst the 4700 images of the database. The initial rank-
ing of the target image was always higher than 2500. The developped system
permits to see 32 thumbnailed images at a time. Initially the images are ran-
domly ordered, except for the first 64 images (two first pages of the interface).
These first 64 images are the medoids obtained with a PAM method [5] applied
to the complete database. This new strategy would allow the user to find what
he/she may consider as relevant images more rapidly just by inspecting only a
few of the first pages of the database. In further iterations the images are ranked
according to the procedure explained in section 5.1. Several parameters need to
be adjusted for the algorithm to work properly. We set the values of n+, n− and
S (see section 5.1) to 4, 6 and 8 respectively. The number of images selected
by the user in every iteration could not be inferior to 6 considering the sum of
relevant plus non-relevant, and could not be zero for any of them individually.
The search is considered successful if the target appears in the ranking list in
a position between 1 and 32. If the number of iterations required to complete
the search is superior to 20 the system considers that the search failed. Different
users were asked to do the search for different images, while a total number of
seven different images corresponding to different themes were used (see figure 1).
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The feature vector, with dimension k = 50, was splitted into C = 10 subvectors
with 5 components each. We have avoided to mix features of different nature in
the same subvector. A subvector could not contain information from color and
texture at the same time.

6.2 Descriptives

A total number of 40 queries were analyzed. Table 1 shows several descriptive
values of the experiment. The iterations means are calculated considering all
images and users. It must be noticed that the mean value of this variable is 3.07,
with quartiles 1 to 3 ranging from 2 to 3.25 iterations. These values show that
the number of iterations needed to successfully complete a query is quite small.
From this point of view the proposed procedure can be considered very effective.

The number of relevant and non-relevant selections (n+ and n− respectively)
are analyzed considering all iterations, users and images. Table 1 clearly shows
that the number of positive selections is usually much more smaller than negative
ones, therefore, our criteria for the random selection of images balancing the
sample sizes (see section 5.1) is justified.

Table 1. Descriptive values (quartiles, mean and standard deviation) of the distribu-
tion of the number of iterations, n+ and n−

Iterations Pos Neg

Mean 3.0732 5.2143 14.8333
Std 2.5039 3.4632 17.3826
Q1 2 3 4
Q2 2 5 7
Q3 3.25 7 17

=⇒
(a)

=⇒
(b)

2

1

(c)

Fig. 2. Pairs of images used for tests with two sequential images (a), (b). First images
on the left and second images on the right. The histogram of iterations for double
sequential queries is also shown in (c).
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Figure 1(h)(i) exhibits several typical learning curves for different particular
searches. The target ranking improves (approximates to the first page) through
iterations, while relevance probability increases and confidence interval value re-
duces. This curves also depend on the user abilities and experience. This can be
seen on figure 1 (i) where, although the search ends in 6 iterations, the learn-
ing curves are not as straight as in figure 1(h). Figures 3(a) and (b) show the
histograms of the amplitudes of the confidence intervals for a subset of texture
and color information respectively, for image in figure 1(b) where all users and
iterations are considered. Most of the information in these histograms is con-
centrated around extreme values: smaller than 0.01 meaning that the relevance
probabilities are very precise and reliable information can be extracted from
them, or between 0.49 and 0.5 pointing out the complete absence of knowledge
about the relevance probability values.

Another interesting experiment was performed in order to to evaluate if our
procedure is able to cope with a change in the user’s mind in the middle of a
search. For some images the users were asked to modify the search. Two target
images were sequentially shown, and after the first target image was found,
the users were asked to find the second one but without changing any of the
parameters of the system: the memory for positive and negative selections as
well as the database ranking remained without change from the first to the
second target. Figure 2 shows the pairs of images used for the tests.
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Fig. 3. Histograms of the amplitude of confidence intervals for a subset of (a) texture
information and (b) color information for the queries of image 1(b)

A total number of 10 tests were carried out. Figure 2(c) shows the histogram
of the number of iterations needed to complete the search of both images se-
quentially. Examples of target ranking and relevance probability evolution are
depicted in figure 4(a) and 4(b) for images 2(a) and 2(b) respectively. The re-
sults are shown to be very successful. In all cases the users were able to find both
target images in sequential order. As a conclusion we can say that our system
shows very satisfactory recovering capabilities.
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Fig. 4. Figure shows in (a) and (b) the evolution of (�) first and (o) second tar-
get ranking and (+) first and (�) second relevance probability for double sequential
searches

7 Conclusions and Further Developments

We have presented in this paper a content based image retrieval system that uses
as fundamental tools logistic regression, fuzzy aggregation operators and boot-
strap techniques. In fact, it could be considered as a very general and flexible
framework. We have shown that it can be adapted easily to a particular problem
(to find a target image) providing successful results. A major difficulty in this
context is concerned with the ratio between the dimension of the feature vector
associated to each image and the number of images evaluated by the user. This
drawback was approached in [7] by fitting several partial generalized linear mod-
els and combining their relevance probabilities by means of an OWA operator.
We have improved our previous work by describing the relevance probabilities
through their confidence intervals and aggregating them by means of an IOWA
operator. Although other improvements have been added, in our opinion the
correct aggregation of a more complete and complex information has become
the major strength of the algorithm.
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