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Abstract 

We propose an interactive technique that allows the user to visually explore the feature space around 
relevant images and to focus the search on only those regions in feature space that are relevant. Through 
the use of a novel interface, the user can adjust the exploration front around each relevant image, visually 
setting the range within which images are also considered to be relevant. By giving feedback, the relevant 
nearest neighbors at the frontier can be further explored and any non-relevant ones removed, resulting in a 
more optimally refined search space.  

1 Introduction 
Over the course of years, research on content-based image retrieval has received increasing attention, and 
retrieval techniques have evolved from basic methods operating in low-level feature space into advanced 
approaches that often incorporate mechanisms from other disciplines, e.g. genetic algorithms [13]. This 
diversity in techniques notwithstanding, the general consensus is that the application of relevance 
feedback leads to improved search results and therefore has been applied in the majority of research from 
the moment the concept was introduced by Rocchio [1] in 1971. 

The current trends in image retrieval focus away from operating directly in low-level feature space 
and attempt to approach image retrieval from a higher level, for instance by discovering subspaces or 
manifolds in feature space where similar images reside (e.g. [2], [3]) or at an even higher level by 
focusing on core image concepts and semantics (e.g. [4], [5]). The belief in the power of popular opinion 
has sparked interest in long-term learning (e.g. [6], [7]), where the idea is that an image considered to be 
relevant by several users for a particular search query is likely to be relevant as well for another user if the 
same or a similar query is performed. 

Although the relevance feedback algorithms have received significant attention in the research 
literature, relatively little effort has been directed at new user interfaces for aiding in the search process. 
One of the grand challenges in our field is considered to be the need for experiential exploration systems 
that allow the user to gain insight into and support exploration of media collections [18]. For users, 
exploration is the predominant mode of interaction, rather than querying, and therefore interfaces that 
accommodate for this behavior are needed [17]. In this paper we therefore propose a novel interactive 
technique that allows the user to visually explore the feature space around relevant images and to focus 
the search on only those regions that are relevant. Each of these regions centers on a relevant example 
image and is bounded by its relevant nearest neighbors. 

In Section 2 we will look at related work and in Section 3 we will discuss the proposed exploration 
technique in detail. Section 4 describes the experiments we performed and we conclude in Section 5. 

2 Related Work 
When it comes to visualizing the image collection, most research focuses on how to present the search 
results [14], whereas work on visualization for assisting the user to search more efficiently is rather 
limited. In [15] a similarity-based visualization technique is used to project the image collection onto a 



2D manipulation space, where the user can easily select groups of similar images together and refine the 
selection. Hyperbolic visualization of a concept ontology is used in [4], allowing the user to obtain an 
overview of the image collection at a concept level and to interactively navigate the concept ontology by 
zooming in on different concepts of interest. The notion of visual islands is introduced in [16] to fulfill the 
principal goal of guided user browsing. This includes a process called island hopping that is used to 
dynamically reorganize the displayed pages according to the user’s selection, so that the user can explore 
deeper into a particular dimension that he or she is interested in. 

3 Exploring Feature Space 
Unlike in semantic spaces, where ideally all images of interest are clustered together in a certain area, in 
low-level feature space these images can be spread out over multiple areas. For example in a feature 
space built up on color features, it is likely that images of differently colored tulips can be found in 
several parts of the space. Such a search can be performed using multiple query points (e.g. [8], [9]), but 
exploring the feature space around each query point is often a slow process. Most interfaces only present 
a limited number of images to the user, putting a heavy burden on the user as navigating the space around 
each query point requires many iterations of feedback. 

To reduce user effort and allow efficient refinement of the relevant search space, we propose a novel 
technique where the span of the search space surrounding relevant images is visualized and can be 
interactively adjusted by the user. In Figure 1 is illustrated how the user establishes the search space by 
exploring the nearest neighbors of relevant images. Initially, e.g. from a random selection of images from 
the database, the user marks one or more images as relevant and then for each of them proceeds to 
explore its nearest neighbors in feature space, increasing the number until on the border non-relevant 
images appear. In subsequent steps, the search space can be refined by removing non-relevant images and 
exploring relevant nearest neighbors. 
 

a)  b)  

c)  d)  

Figure 1. Establishing the search space: a) Three relevant images are indicated by the user, shown as larger dots with 
a green center. b) The user expands the search space around the relevant images to define suitable regions containing 
a high percentage of relevant nearest neighbors. c) The search space is contracted by the user by removing two non-
relevant nearest neighbors that are located on the border. d) Two other nearest neighbors are explored and the search 

space is expanded with their relevant nearest neighbors. 

3.1 Visualization and Interaction 
The user can explore an image from within our interface, as is shown in Figure 2. Initially only the 
selected image is displayed, but by adjusting the exploration front more and more of its nearest neighbors 
are shown. The user decides where the exploration front lies. In case a positive feedback image is 



explored, the exploration range ideally encompasses a collection of nearest neighbors of which a high 
percentage is considered to be relevant. In case a negative feedback image is explored, the exploration 
range ideally contains a collection of highly non-relevant images. In both situations, the small number of 
non-relevant images present in the collection of relevant images, or vice versa, can be removed by the 
user at a later stage. When the number of explored nearest neighbors becomes too large to be displayed in 
a comprehensible manner, a random selection is made. Yet, all nearest neighbors that fall within the 
exploration range are used in the construction of the relevant search space. 

The retrieval system collects the positive feedback and negative feedback images and their explored 
nearest neighbors. Then a new iteration is started where the user is presented with the most informative 
images, which are those images that have the highest information scores, and with the best images, which 
are those images that have the highest relevance scores. The user can continue refining and exploring the 
search space until he or she is satisfied. 

 

a)  b)  

c)  d)  

Figure 2. Exploring feature space: a) Initially only the positive feedback image is shown in the center. b-d) The user 
expands the search range several times until one or more non-relevant nearest neighbors appear on the border. The 

distance of an image to the center depends on the distance measure used by the retrieval system. A small distance in 
feature space places the image near the center, whereas a large distance places the image near the edge. 

3.2 Feedback Sets 
Let the positive feedback example set  at iteration t consist of all selected relevant images gathered 
thus far , , , , , (1)
where, for each example image ,  is the exploration range as selected by the user. The negative 
feedback example set  is defined similarly. 

Let  be the set of images at iteration t within the exploration range of a positive feedback example | , , (2)
where x is an image from the image database and , ) are from the i-th tuple of . Let  be defined 
similarly. We now define the active set  as the set of images at iteration t that are in at least one of the 
positive sets and not in the negative sets \ . (3)

Constructing the Most Informative Image Set. To determine the most informative images, we first 
calculate the information score TI of each of the active images a at iteration t as the minimum distance to 
their associated feedback examples 



min, , . (4)

Note that an active image can be in the exploration range of several feedback images. Next, we pick the 
images with the highest information scores, thus maximizing the minimum distances. As a result, images 
on the border of our search space will obtain the highest information score. 
 
Constructing the Best Image Set. Besides the most informative images, which allow the user to 
continue exploring the feature space, we keep an image set that contains the best images thus far. For 
each active image a at iteration t we calculate a relevance score and those with the highest scores are 
considered best. A simple way to calculate the relevance score TR of an active image would be to count 
how many positive feedback images include this particular image in their exploration range 

1 | , , (5)

where 1A(x) is an indicator function, indicating the membership of x in set A. An alternative way is to 
give each active image a score that is dependent on the distance to its feedback point(s) 1 | ,1 , , (6)

where 1A(x) is the indicator function as used before and γ a constant that quantifies the rate of relevance 
decrease as an active image approaches the border of the exploration range. 
 

Our proposed approach is not only suitable for exploring a single local area in feature space, cf. a 
single query point, but by adjusting the exploration range other areas can also be reached. For instance, 
given a certain positive feedback image, a method to discover other relevant images located in a different 
area in feature space would be the following. First, the exploration range of the positive image is 
expanded to such an extent that the border is located within the other relevant area in feature space. 
Second, as the border images obtain the highest information score and thus will be presented to the user, 
the relevant ones can be explored. Third, the exploration range of the initial positive feedback image can 
be changed back to what is was before, only holding its relevant nearest neighbors. 

4 Experiments 
The test database was composed of 3000 images taken from the Ponce Texture Database [10] as shown in 
Figure 3. The 3000 image test set included the 1000 original textures, and 2000 images which were either 
randomly rotated or scaled from the original versions by up to 15%, resulting in a set of textures that vary 
in 3D perspective, shape and orientation. The images in the Ponce database are categorized into 25 
classes, where each class thus contains 40 original textures, 40 rotated ones and 40 scaled ones. The 
images are represented by the MPEG-7 Homogeneous Texture Descriptor [11] and by a grayscale 
histogram, based on a uniform quantization in 16 bins. 

 

 
Figure. 3. Example images from the Ponce Texture Database. 

 
For our experiments, we have simulated users that search for images belonging to a certain texture 

class. We have performed the experiments on two systems, one using our proposed exploration interface 
and technique ('Explore') and one using a standard interface and the query point movement technique as 



proposed by Rocchio ('Rocchio'). As the main strength of our approach is our interface that provides easy 
access to additional relevant and non-relevant images, we acknowledge that the systems cannot be fairly 
compared. However, as the systems try to achieve the same goal and are given the same data to work 
with, we believe that in this sense the systems are comparable. To keep the comparison as fair as possible 
in all other regards, we have kept the other properties of both interfaces the same, e.g. the number of 
images on which feedback can be given per iteration. 

We have set up a set of experiments for each of the 25 texture classes, where the goal is to find all 
images belonging to that class within at most 20 iterations. Due to the fact that for each experiment we fill 
the initial screen with random images, we are affected by the page zero [12] problem. The page zero 
problem refers to the fact that the retrieval performance depends in great part on which images appear 
within this initial screen, and specifically how many of these random images belong to the class of 
interest. Therefore we perform the experiment for each class 100 times and average the results. If the 
initial screen does not contain any relevant image, we generate a new set of random images until at least 
one relevant image is shown. 

Every iteration the user is presented with 40 images. For the Explore system, these images are 
composed of the most informative images as calculated by (4). For the Rocchio system, these images 
consist of the resulting images after performing query point movement. As real users generally don’t want 
to give much feedback, in our simulation per iteration a maximum of 5 images are marked as relevant and 
a maximum of 5 as non-relevant. Besides the images on which feedback is given, a separate result set is 
kept that contains the best ranking images. For the Explore system, these images are composed of the top 
images as calculated by (6). For the Rocchio system, this set is the same set as the feedback set, 
containing the resulting images after query point movement. 
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Figure 4. Average precision results. 
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Figure 5. Average recall results. 

 
The results are shown in Figures 4 and 5. For clarity, in our results we define precision as the number 

of relevant images found over the total number of images looked at, which is the top 40 best ranking 
images, and recall as the number of relevant images found thus far over the total number of existing 
relevant images, which is 120 per texture class. For these experiments, the Explore system does not utilize 
the aforementioned technique of reaching other areas in feature space, as that would give it an unfair 
advantage over the Rocchio system. 



As we can see in Figure 4, the average precision of relevant images within the 40 best ranking images 
rapidly increases for the Explore system, reaching 80% after 8 iterations and still improves during 
following iterations. The Rocchio system finds almost all the relevant images it is able find after the first 
iteration, and hardly improves after that, reaching a maximum of near 50%. In Figure 5 we can see that 
the Explore system manages to discover 50% of all relevant images per class, whereas Rocchio finds little 
over 25%. On average, the accuracy of the Explore system improves considerably over the Rocchio 
system after only two iterations. 

5 Conclusions 
In this paper, we have proposed a novel interactive technique that allows the user to visually explore the 
feature space around relevant images and to focus the search on only those regions in feature space that 
are relevant. We performed user experiments on a well-known texture database and the results indicate 
that the new approach leads to an improvement of the amount of relevant images collected. In the future 
we will focus on adaptive distance measures and feature selection techniques to more optimally explore 
the feature space around feedback images. 
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