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Abstract. In this paper, the Relevance Feedback procedure for Content Based Image Retrieval is considered as an Exploration-Exploitation
approach. The proposed method exploits the information obtained from
the relevance score as computed by a Nearest Neighbor approach in the
exploitation step. The idea behind the Nearest Neighbor relevance feedback is to retrieve the immediate neighborhood of the area of the feature
space where relevant images are found. The exploitation step aims at
returning to the user the maximum number of relevant images in a local region of the feature space. On the other hand, the exploration step
aims at driving the search towards different areas of the feature space in
order to discover not only relevant images but also informative images.
Similar ideas have been proposed with Support Vector Machines, where
the choice of the informative images has been driven by the closeness
to the decision boundary. Here, we propose a rather simple method to
explore the representation space in order to present to the user a wider
variety of images. Reported results show that the proposed technique allows to improve the performance in terms of average precision and that
the improvements are higher if compared to techniques that use an SVM
approach.
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Introduction

Nowadays, the possibility for people to easily create, store, and share, vast
amount of multimedia documents is a problem that the pattern recognition community is facing since several years. Digital cameras allow capturing an unlimited
number of photos and videos, thanks to the fact that they are also embedded in
a number of portable devices. This vast amount of media archives needs to be
organized in order to ease future search tasks. It is easy to see that it is often
impractical to automatically label the content of each image or different portions
of videos by recognizing the objects in the scene, as we should have templates
for each object in different positions, lighting conditions, occlusions, etc. [26].

It is quite easy to see that each picture and video may be characterized by a
large number of concepts depending on the level of detail used to describe the
scene, or the focus in the description. Moreover, different users may describe an
image using different categories, and the same user may classify the same image
in different ways depending on the context. Sometimes, an image may contain
one or more concepts that can be prevalent with respect to others, so that if a
large number of people are asked to label the image, they may unanimously use
the same label. Nevertheless, it is worth noting that a concept may be also decomposed in a number of “elementar” concepts. For example, an image of a car
can have additional concepts, like the color of the car, the presence of humans
or objects, etc. Thus, for a given image or video-shot, the same user may focus
on different aspects. How the task of retrieving similar images or videos from an
archive can be solved by automatic procedures? How can we design procedures
that automatically tune the similarity measure to adapt to the visual concept
the user is looking for? Once again, the target of the classification problem cannot be clearly defined beforehand but must be designed to explicitly take into
account user needs [10].
In the field of content based multimedia retrieval, a number of review papers pointed out the difficulties in providing effective similarity measure that
can cope with the broad domain of content of multimedia archives [6, 21, 28].
The shortcomings of current techniques developed for image and video has been
clearly shown by Pavlidis [25]. While systems tailored to a particular image domain (e.g., medical images) can exhibit quite impressive performances, the use
of these systems on unconstrained domains reveals their inability to adapt dynamically to new concepts [27]. One solution is to have the user manually label
a small set of representative images as relevant or non relevant to the query
(the so-called relevance feedback) that are used as training set for updating the
similarity measure [33]. In this system is not uncommon that, after the first
feedback iterations, the number of relevant images retrieved increases quickly.
However, the system typically stops providing new relevant images despite of
the user interaction. The reason lies in the way in which images are presented to
the user. In fact, usually the best ranked images are retrieved after each round
of feedback, and these images are usually retrieved in a small local area of the
feature space. As a consequence, the search often converges towards a local optimum, without taking into account images in other areas of the feature space. In
order to address this kind of problems, we propose an Exploitation-Exploration
mechanism where the exploration step is inspired by Active Learning [4]. Our
approach requires the system to choose not only the most relevant images according to the user judgement, but also the most informative images that allows
driving the search in more promising regions of the feature space. The key issue is how to choose the most informative images. Usually this approach has
been used in systems based on discriminative functions, i.e. system that builds
a decision function which classifies the unlabelled data.
One method to select informative images is based on choosing the patterns
closest to the decision boundary, as described in [31, 16] where SVM based on

active learning are used. In [3], the authors proposed to learn two SVM classifiers
in two uncorrelated feature spaces as color and texture. The classifiers have
been then used to classify the images and the unlabelled ones that received
a different label in the two feature spaces, have been chosen to be shown to
the user. In addition, different criteria have been proposed over the years as
the minimization of expected average precision [13], or the maximization of the
entropy [19]. In the latter paper the authors learned an SVM on the labelled
images, mapped the SVM outputs into probabilities and chose the images with
the probability to belong to relevant class nearest to 0.5. In [17] the authors
instead to use the proximity to the theoretical decision boundary as measure of
the information capability of the training images, propose a clarity index that
takes into account the rank of each image with respect to those of the known
relevant and non relevant images. The images with the lowest values of clarity
are chosen as training images.
Conventional SVM active learning is designed to select a single example for
each learning iteration but, as suggested in [15], usually in a relevance feedback
iteration the user labels multiple image examples as being relevant or non relevant. In this case it is possible that the system selects similar images to learn
the SVM. The authors, to address this problem, proposed a Batch Mode Active Learning technique that chooses the most suitable unlabelled examples one
at a time. An interesting approach has been proposed in [34] where the authors propose a novel paradigm of active learning, which is able to estimate the
probability density function (pdf) of the underlying query distribution to avoid
the risk of learning on a completely unknown distribution. The estimated pdf,
together with the distribution of the classifier outcomes, is used to guide the
sampling, in the way that it is possible to give priority to two types of instances
to label in the next iteration, namely instances in the area where the probability to find relevant pattern is high (for boosting the retrieval) and instances
in the uncertain area (for figuring out the new decision boundary). In [22] the
authors, instead of using SVM, proposed a selective sampling for Nearest Neighbor classifiers. In order to choose the most informative patterns they suggest to
consider not only the uncertainty of the candidate sample point, but also the
effect of its classification on the remaining unlabelled points. For this reason,
their lookahead algorithm for selective sampling considers sampling sequences of
neighboring patterns of length k, and selects an example that leads to the best
sequence. The best sequence is the one whose samples have the highest conditional class probabilities. Also in [18] the authors proposed a probabilistic variant
of the k-Nearest Neighbor method for active learning in multi-class scenarios.
After that they defined a probability measure, based on the pairwise distances
between data points, they used the Shannon entropy as “uncertain” measure
over the class labels in order to maximize the discriminating capabilities of the
model.
In this paper we consider the most informative images as those that are
distributed around the images that have been labelled by the user along all the
representation space. This task can be accomplished by resorting to an Active

Learning approach based on hierarchical clustering of the data [5]. Although this
technique allows obtaining good results, it is quite computationally expensive.
In order to use a computationally cheap method, we performed the exploration
phase through a max-min approach that showed good results in similar tasks
such as the initialization of the c-means algorithm [20].
This paper is organized as follows. Section 2 briefly reviews the Nearest
Neighbor approach used in order to assign a Relevance Score to the images.
Section 3 introduces the proposed technique and describes how exploit it in the
Relevance Feedback iterations. Experimental results are reported in Section 4.
Conclusions are drawn in Section 5.
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Nearest-Neighbor Relevance
Feedback for Relevance Score

The use of the Nearest-Neighbor paradigm has been inspired by classification
techniques based on the “nearest case”, which are used in pattern recognition
and machine learning for classification and outlier detection. In addition, nearestneighbor techniques have been also used in the context of “active learning”,
which is closely related to relevance feedback [22]. In particular, recent works on
outlier detection and one-class classification clearly pointed out the effectiveness
of nearest-neighbor approaches to identify objects belonging to the target class
(i.e., the relevant images), while rejecting all other objects (i.e., non relevant
images) [2, 30]. This approach is suited to cases when it is difficult to produce a
high-level generalization of a “class” of objects.
This approach can be used for estimating image relevance in CBIR as each
“relevant” image as well as each “non relevant” image can be considered as
individual “cases” or “instances” against which the images of the database should
be compared [12].
In this paper, a method proposed in [9] has been used, where a score is
assigned to each image of a database according to its distance from the nearest
image belonging to the target class, and the distance from the nearest image
belonging to a different class. This score is further combined to a score related
to the distance of the image from the region of relevant images. The combined
score is computed as follows:




1
n/t
· relBQS (x) +
· relN N (x)
(1)
rel(x) =
1 + n/t
1 + n/t
where n and t are the number of non-relevant images and the whole number of
images retrieved after the last iteration, respectively. The two terms relN N and
relBQS are computed as follows:
relN N (x) =

kx − N N nr (x)k
kx − N N r (x)k + kx − N N nr (x)k

(2)

where N N r (x) and N N nr (x) denote the relevant and the non relevant Nearest
Neighbor of x, respectively, and k · k is the metric defined in the feature space

at hand,
relBQS (x) =

1−

ffi
1−dBQS (x) max d
BQS (xi )
i
e

1−e

(3)

where e is the Euler’s number, i is the index of all images in the database and
dBQS is the distance of image x from a reference vector computed according to
the Bayes decision theory (Bayes Query Shifting, BQS) [11].
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The exploration phase

Typically, an image retrieval system with relevance feedback works as follows:
after the submission of a query, the system, according to a similarity measure,
scores all images in the database and presents the k best scored ones to the user.
One of the problems in this kind of behavior is that in the following iterations the
search could be driven by the (probably few) relevant images retrieved so far, and
the system could be trapped in a limited area of the feature space. Sometimes,
neither the non relevant images, that are also considered in the evaluation of the
relevance score, can help to get out of this situation. In fact, by always using
the same set of relevant images iteration by iteration, the search can “take a
wrong way”. In order to face this problem, the proposed method selects within
a certain number of best scored images, those images that are “not too close” to
the “classical search area”. The meaning of “not too close” and “classical search
area” will be explained in the following.
Let us define k as the number of the images to return to the user and bk · αc
as the fixed number of the “seed images”. Let us also define b(k − bk · αc) · βc
as the number of images among which to choose the most informative ones. In
the previous formulas, the parameter α can assume values between k1 and 1,
and β ≥ 1. Summing up, with the Exploration-Exploitation approach k images
are shown to the user, the best scored bk · αc are selected beforehand, while
the other (k − bk · αc) are chosen through a max-min approach between the
b(k − bk · αc) · βc best scored images. It is clear that if α = k1 all the images,
apart from the query, are selected in an “active” way, on the contrary, when
it is equal to 1, they system shows to the user the best k scored images as
in the classical Nearest Neighbor approach. The same happens when β = 1, as
(k − bk · αc) images will be chosen from a set of (k − bk · αc) best scored images.
The max-min approach selects an image from a set evaluating all the distances
between the seed images and the images in the set and choosing for each of
them the shortest. The images are then sorted according to these distances and
that with the maximum distance it is selected. The idea behind the max-min
technique is similar to that of pruning, that is, it pays attention to the relevant
images that are most far apart from each other because they are more likely to
be the most different from those that are usually used [20]. To better explain
the algorithm, Figure 1 shows an example where k = 5, α = 0.6, and β = 1.5.
(a) For each image in the database a score is computed according to Eq. (1);

(a) The set of considered images

(b) bk · αc best scored images

(c) Evaluation of all the distances

(d) Max-min distance

(e) New round of selection
Fig. 1. Exploration-Exploitation algorithm.

(b) the three best scored images are used as seeds of the search (b5 · 0.6c = 3);
(c) for each of the remaining images (b(5 − b5 · 0.6c) · 1.5c = 3) the distances
with the seed images are evaluated, and the minimum ones are chosen;
(d) the image with the largest minimum distance (image (2)) is chosen to be
added to the seed images.
(e) in order to add the fifth image to be shown to the user (k = 5), the algorithm
restarts from step (c).
It is clear that if α = k1 , all the images, apart from the query, are selected
following the Exploration approach. On the other hand, when α = 1 the best
k scored images, as in the classical Nearest Neighbor approach, are shown to

the user. The same happens when β = 1, in fact in this situation (k − bk · αc)
images from a set of (k − bk · αc) best scored images are chosen.
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Experimental Results

4.1

Datasets

Experiments have been carried out using three datasets, namely the Caltech-256
dataset, from the California Institute of Technology3 , the WANG dataset4 , and
the Microsoft Research Cambridge Object Recognition Image Database5 (in the
following referred to as MSRC). The first dataset consists of 30607 images subdivided into 257 semantic classes [14], the WANG dataset consists of a subset
of 1000 images of the Corel stock photo database which have been manually
selected and which form 10 classes of 100 images each [32], and MSRC contains
4320 images subdivided into 17 “main” classes, each of which is further subdivided into subclasses, for a total of 33 semantic classes [35]. From Caltech-256,
the Edge Histogram descriptor [1] has been extracted using the open source library LIRE (Lucene Image REtrieval) [24]. The images from the WANG dataset
are represented by a 512-dimensional colour histogram and a 512-dimensional
Tamura texture feature histogram [29] concatenated in a single vector [7]. The
images of MSRC are represented by a vector of 4096 components of SIFT descriptors [23] extracted at Harris interest points [8, 7]. The WANG, MSRC and
Caltech-256 datasets represents image retrieval tasks of different complexity. In
fact, the WANG dataset is usually considered an easy task in the Image Retrieval
context. The MSRC dataset is mainly used in the object recognition domain,
as the pictures usually contain one object “captured” from a particular point
of view (front, side, rear, etc.) or at most more objects of the same type. The
Caltech-256 dataset is also widely used in object recognition, and it can be considered a more difficult task than the one represented in the MSRC dataset: the
semantic concepts in the Caltech dataset are more loosely related to the image
content. As example, the class “marriages” contains images of newlyweds as well
as images of wedding cakes.
4.2

Experimental Setup

In order to test the performances of the proposed approaches, 500 query images
from Caltech-256 dataset have been randomly extracted, so that they cover all
the semantic classes. For the WANG and MSRC datasets, each image is used
as query. Relevance feedback is performed by marking images belonging to the
same class of the query as relevant, and all other images in the pool of k tobe-labelled images as non-relevant. Performance is evaluated in terms of mean
average precision taking into account all the relevant images as they are ordered
3
4
5

http://www.vision.caltech.edu/Image Datasets/Caltech256/
http://wang.ist.psu.edu/docs/related.shtml
http://research.microsoft.com/downloads

by the classifier. In order to choose the most suitable values of the parameters α
and β, a number of preliminary experiments have been performed. Accordingly, it
has been fixed the value of β at 10, whereas different values of α have tested, and
the related results are reported for comparison purposes. The relevance score at
each image has been assigned according to Eq. (1), and in the graph it has been
referred to as the Relevance Score, whereas the case α = k1 has been referred to
as α = 0%. For comparison purposes, relevance feedback has been also computed
by a “pure” SVM classifier with an RBF kernel and an SVMACT IV E as well.
The Active Learning has been performed according to the approach proposed
in [17].
4.3

Results

Figures 2(a), 2(b), and 2(c) show the average precision evaluated using the
WANG, the MSRC, and the Caltech datasets, respectively. Observing the Figure 2 it is quite clear to see how the lines have a quite different trend w.r.t. the
value of α. In fact, the lower the value of α in Figure 2, the better the measured average precision. The only exception in the above trend can be seen in
the case of α = k1 (referred to as α = 0%) in Figure 2(a) and (c), where the
average precision is lower than the values obtained with α = 0.25%. The reason
of this behavior probably is due to the fact that only the query is not enough
as “seed image” in order to begin the search. In the case of the WANG and
MSRC dataset it is also easy to see how the lower improvement obtained using
the Exploration-Exploitation approach (α = 0.75%) w.r.t. the method without
“Exploration” phase, overcomes the improvement of the SVMACT IV E w.r.t the
“pure” SVM.

5

Conclusion

In this paper the problem of low informative training sets has been faced exploiting the Nearest Neighbor paradigm in an Exploration-Exploitation task.
The proposed algorithm subdivides the NN approach in two phases: Exploitation and Exploration. In the Exploitation phase a relevance score is assigned to
each image in the database, while in the Exploration phase a certain number
of best scored images is drawn, and by means of a max-min approach based
on the distances among the images, the images that will be shown to the user
to capture her feedback are chosen. The obtained results clearly show that the
bigger the percentage of the images, proposed to the user, the larger is the obtained average precision. According to these results, it is possible to say that the
proposed Exploration-Exploitation approach is able to move the search in areas
of the feature space usually “unexplored”.
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Fig. 2. Average Precision for 5 rounds of relevance feedback.

