
RELEVANCE GRAPH-BASED IMAGE RETRIEVAL
Sanghoon Sull, Jeongtaek Oh, Sangwook Oh, S. Moon-Ho Song, Sang W. Lee*

School of Electrical Engineering
Korea University, Seoul, Korea

*Dept. of Electrical Engineering and Computer
Science

University of Michigan, Ann Arbor, MI 48109, USA

ABSTRACT

The basic limitation of content-based image retrieval and
relevance feedback based on low-level image features is that
low-level features are often highly ineffective for representing
not only content similarity but conceptual and contextual
similarity between images. On the other hand, the utility of
text-based image retrieval is restricted due to the limited
availability of image annotations and textual description’s
limited ability in describing image content. In this paper, we
introduce a novel approach to content-, concept- and context-
based image retrieval that utilizes user-established relevance
between images only using image links without relying on
image features or textual annotations. We present a framework
for accumulating image relevance information through
relevance feedback, determining the degree of relevance, and
constructing a relevance graph for image database. The use of
graph-theoretical algorithms is suggested for image search and
experimental studies are presented to demonstrate the potential
of the proposed methods.

1. INTRODUCTION

Currently most of the content-based image search engines [1-2]
rely on low-level image features such as color, texture and shape.
While high-level image descriptors are potentially more
intuitive for common users, the derivation of high-level
descriptors is still in its experimental stages in the field of
computer vision and requires complex vision processing.
Despite its efficiency and ease of implementation, on the other
hand, the main disadvantage of low-level image features is that
they are perceptually unintuitive for both expert and non-expert
users, and therefore do not normally represent user's intent
effectively. Perceptually similar images are often highly
dissimilar in terms of low-level image features. Searches made
by low-level features are often unsuccessful and it usually takes
many trials to find images to a user's satisfaction.

Efforts have been made to overcome the limitations of low-level
features. Relevance feedback is a popular idea for incorporating
user’s perceptual feedback in the image search [3]. A user can
manually establish relevance between a query and retrieved
images, and the relevant images can be used for refining the
query. When the refinement is made by adjusting a set of low-
level feature weights, however, user’s intent is still represented
by low-level features and their basic limitations still remain.
Several approaches have been made to the integration of human
perceptual responses and low-level features in image retrieval.

One notable approach is to adjust images feature distances
based on the human perceptual input [4]. While those schemes
successfully reflect user’s intent to some degree, it remains to be
seen how grouping of features or feature distance modification
can achieve the perceptual relevance in image retrieval. A more
traditional computer vision approach to the derivation of high-
level object descriptors based on generic object-recognition has
been presented for image retrieval [5]. Due to its limited
feasibility for general image objects and complex processing, its
utility is still restricted.

The motivation of the work presented in this paper is based on
the observation that perceptually relevant images often do not
share any apparent low-level features but still appear
conceptually and contextually similar to humans. For instance,
photographs that show people in swimsuit may be drastically
inconsistent in terms of shape, color and texture, but
conceptually look alike to humans. In contrast to the
methodologies mentioned above, our approach presented in this
paper does not rely on the low-level image features except in an
initialization stage, but on the perceptual links between images
that are established by human users using relevance feedback.
While it is unfeasible to manually provide links between a huge
number of images, our work is based on the notion that a large
number of users over considerable period of time can build a
network of meaningful image links. We present a scheme that
accumulates information provided by human interaction in a
simpler way than the relevance feedback and utilizes the
information for perceptually meaningful image retrieval. It is
independent of and complementary to the image search methods
that use low-level features and therefore can be used in
conjunction with them.

In this paper, the organization of browsing and searching history
and data structures for image links is described in Section 2, and
the algorithms for the construction of perceptual relevance graph
and searching/clustering are discussed in Section 3.
Experimental results are presented in Section 4 and Section 5
summarizes the paper.

2.  INFORMATION ACCUMULATION
AND DATA STRUCTURE FOR IMAGE

LINKS

2.1 Data Structure for Collecting Relevance
Information
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There are potentially various ways of accumulating information
about users’ prior feedback. In this paper, we demonstrate the
concept of collecting and propagating perceptual relevance
information using simple data structures and algorithms. The
relevance information provided by users can be based on image
content, concept, or both. For storing an image’s links to other
images that some relevance is established to, each image has a
queue of finite length as illustrated in Figure 1. We call this
“relevance queue”. The queue can be initially empty or filled
with links to computationally similar images (CSIs) determined
by low-level image feature descriptors such as color, shape and
texture descriptors used in a conventional image search engine.

1          2         3          4         5         7         8       

9           1 0          1 1          1 2          1 3         1 4         1 5        
I m a g e  n  

5  

QN
 

 

 

 

 

nQ   

 

 

R e t r i e v e d  im a g e s  

d e q u e u e
 

e n q u e u e  

Q u e r y   

I m a g e  l i n k s  

Figure 1. Query image of image links.

A perceptually relevant image (PRI) is determined by a user’s
selection in a manner that is similar to that of general relevance
feedback schemes. When the image of interest is presented as a
query and initial image retrieval is performed, a user views the
retrieved images and establishes relevance by clicking
perceptually related images as positive examples. Figure 1
illustrates the case of Image 5 being clicked and its link being
enqueued into the queue 

nQ of the query Image n. In contrast to

previous relevance feedback schemes where the positive
examples are used for adjusting low-level feature weights or
distances, our method simply insert the links to the PRIs into the
query image’s relevance queue by the normal “enqueue”
operation and the oldest image link is deleted from the queue.
The PRI links are dynamically updated whenever a link is made
to the image by a user’s relevance feedback, and an initially
small set of links will grow over time. The frequency at which a
PRI appears in the queue is the frequency of users’ selection and
taken as the degree of relevance. This data structure that is
comprised of image data and image links will become the basic
vertex and edge structures in the relevance graph we develop for
image search, and the frequency of the PRI will be used for
determining edge weights in the graph.

Conventional relevance feedback methods explicitly ask users to
select positive or negative examples and even ask for weighting
factors of selected images. In our scheme, users are not
explicitly instructed to click similar images. Instead, we simply
let them browse and search images only motivated by their
interest. During users’ browsing and searching, we expect that
they are likely to click more relevant images than irrelevant
ones and relevance information is accumulated in the relevance
queues.

2.2 Relevance Queue

It is conceivable to develop a sophisticated update scheme that
minimizes the variability of users’ expertise, experience, good
will and other psychological effects. In this paper, however, we
present only our basic framework for PRI links without
psychology-based user modeling. Our assumption is that there
are more users with good intention than others, and in this case,
it is shown in our experimental studies that the effect of
sporadic false links to irrelevant images is minimized over time
in our presented scheme.

The structure of the image queue as defined above affords many
different interpretations.  The entire queue structure, one queue
for each image in the database, may be viewed upon as a state
vector that gets updated after each user interaction, namely by
the enqueue and dequeue operations.  If we label all images in
the database by the image index 1 though N, where N is the total
number of images, the content of the queue maybe represented
by the queue matrix ]||[ 1 NQQQ �=  of size NNQ × , where

QN  is the length of the image queue.  The nth column of the

queue matrix, nQ  contains the image indices as its elements

and they may be initialized according to some low-level image
relevance criteria.

When a user searches (queries) the database using the nth image,
the system will return with a list of similar images on the
display window.  Suppose the user then clicks the image with
index m.  This would result in updating the nth column nQ  of

the queue matrix corresponding to enqueue and dequeue
operations.  This can simply be modeled by the following update
equation for the jth element of nQ :
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The queue matrix defined as such, immediately allows the
following definition of the state vector.

The state vector representing the image queue is defined by an
NN ×  matrix ]||[ 1 NSSS �=  whose nth column is an 1×N

vector which basically represent the image queue for the nth
image in the database.  The jth element of nS  is defined to be:
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Note that if the weighting 1)1( −− iαα  inside the summation is

identical to 1, then nS  would simply be the histogram of image

indices of the nth image queue, nQ . Thus, nS as defined

above is basically a weighted histogram of image indices of the
nth image queue nQ .  The weight α serves as the forgetting

factor.  Note that for an infinite queue ( ∞=QN ), nS  is a valid

probability mass function as 1)( =� jSn  and 0)( ≥jSn .  Even

for a finite queue, for instance, with 256=QN  and the
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forgetting factor 1.0=α , the sum 

121021)( −×−≈� jSn .

With the above relationship between the queue content and the
state vector, evolution of the state at time p may be described by
the following update equation:

)()()1( )1( p
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where 10 << α  and 

)( p

EQe  is a natural basis vector where all

elements are zero except for one whose row index is identical to
the index of the image currently being enqueued.  What one
would like, of course, is for this state vector to approach a state
that makes sense for the current database content. Given a
database of N  images, assume that there exists a unique

NN ×  image relevance matrix ]||[ 1 NRRR �= .  The matrix

is composed elements mnr , the relevance values, which in

essence is the probability of a viewer clicking the mth image
while searching (querying) for images similar to the nth image.
The actual values in the relevance matrix R  will necessarily be
different for different individuals.  However, when all users are
viewed upon as a collective whole, our assumption of the
existence of a unique R becomes rather natural. The state update
equation, during steady-state operation, may be expressed using
with an aid of the expectation operation:

=== ∞∞
nEQn ReESE ][][ )()(

 nth column of R

The above equality expresses precisely the result that we have
been after.  That is, the state vector (matrix) S converges to the
image relevance matrix R, provided that image relevance matrix
exists. Although the discussion of the state vector is helpful in
identifying the state to which it converges, the actual
construction (of the state vector) is not necessary.  As the image
queue has all information that it needs to compute the state
vector (or the image relevance values), the implementation
requires only the image queue itself.  It is during the image
retrieval process, when it needs to use the forgetting factor α  to
return images similar to the query image based on the current
image relevance values.

2.3 Relevance Queue Initialization

The discussion in the previous subsection assumes steady state
of the relevance queue. When a new image is inserted into a
database, it does not have any links to PRIs and no images can
be presented to a user to click. We initialize the relevance queue
with CSIs obtained with a conventional search engine in a
manner that makes higher-ranked CSIs have higher relevance
values. In the initialization stage, we put CSI links into the
relevance queue evenly but higher-ranked CSI links more
frequently.
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Figure 2. Initialization of relevance queue with CSIs.

An initialization method is illustrated for eight retrieved CSIs in
Figure 2 where the image link numbers denote the ranks of the
retrieved CSIs. This technique ensures that higher-ranked CSIs
will remain longer in the queue as users replace CSIs with PRIs
by relevance feedback.

3. CONSTRUCTION OF RELEVANCE
GRAPH AND IMAGE SEARCHING AND

CLUSTERING

3.1 Construction of Relevance Graph

Graph is a natural model for representing syntactic and semantic
relationships among multimedia data objects. We use weighted
graphs to represent relevance relationships between images in
an image database. The vertices of the graph represent the
images and the edges are made by image links in the image
queue.

An edge between two image vertices Pn and Pj is established if
image Pj is selected by users when Pn is used as a query image,
and therefore image Pj appears for a certain number of times in
the image link queue of Pn. The edge cost is determined by the
frequency of image Pj in the image link queue of Pn, i.e., the
degree of relevance established by users. Among many potential
cost functions, we use the following function:

Cost (n, j) = Thr [ 1 – Sn(j) ],

Where the threshold function is defined as:
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�
�
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≤
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The threshold function signifies the fact that Pj is related to Pn

by a weighted edge only when Pj appears in the image link of Pn

more than a certain number of times. If the frequency of Pj is
very low, Pj is not considered to be relevant to Pn. Associative
and transitive relevance relationships are given as:

(Pn �Cost(n,j) Pj ) �Cost(j,k) Pk  = Pn �Cost(n,j) (Pj �Cost(j,k) Pk),

If Pn �Cost(n,j) Pj and Pj �Cost(j,k) Pk, then Pn �Cost(n,k) Pk ,

where Cost (n,k) = Cost (n,j) + Cost (j,k).

It would require many user studies using various sets of images
to determine which of the symmetric and asymmetric relevance
relationships is more effective. A relevance relationship can
possibly be asymmetric and a relevance graph is generally a
directed graph. However, in the work presented in this paper,
we use a symmetric relationship simply because it propagates
image links more in a graph for a given number of user trials.
The symmetry of relevance is represented by the symmetric cost
function:

Cost (n,j) = Cost (j,n) = Min [Cost (n,j) ,Cost (j,n)],

and the commutative relevance relationship:

Pn �Cost(n,j) Pj = Pj �Cost(j,n) Pn .
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The symmetry of relevance relationship results in undirected
graphs.

3.2 Image Search

We have established a relevance graph structure that relates
PRIs in a way that facilitates graph-based image search and
clustering. Once the image relevance is represented by a graph,
we can use numerous well-established generic graph algorithms
for image search. When a query image is given and it is a vertex
in a relevance graph, we can find the most relevant images by
searching the graph for the lowest-cost image vertices from the
source query vertex. A shortest-path algorithm such as
Dijkstra’s will assign lowest costs to each vertex from the
source and the vertices can be sorted by their costs from the
query vertex [6].

4. EXPERIMENTAL RESULT
We have implemented the proposed image retrieval system
whose user interface as shown in Figure 1. The length of the
relevance queue for each image was set to 100 and various
forgetting factors (αs) were tried. Each queue was initialized
using the color correlogram [7]. We let 60 undergraduate
students browse and search our image database of over 1000
images using the implemented retrieval system for two months
to collect relevance information. During the test period, each
subject clicked approximately 100 images, 20 times per image.
It has been observed that the users have the tendency of
choosing images of famous actors and actresses, and most of our
results include those.

Figure 3 (a) shows one of the retrieval results using only spatial
correlation of colors (color correlogram). While the query image
and the retrieved images have similar colors as expected, some
of the results do not show perceptual relevance and many other
highly relevant images are not retrieved. Figure 3 (b) shows the
retrieval result based on the relevance graph with α=0.01. Note
that many conceptually and contextually similar images are
retrieved although they are highly dissimilar to the query image
in terms of low-level features such as color and its spatial
distribution.

      (a)       (b)

Figure 3. Image retrieval (a) using low-level features
(color correlogram) and (b) perceptual graph.

Figure 4 shows the average search performance on precision and
recall for both the proposed relevance graph-based and the color

correlogram-based methods. Ten images which users chose most
were selected randomly from 100 images. Improved
performance of the proposed approach can be seen in the plot.

5. SUMMARY
In this paper, we have presented an approach that utilizes user-
established relevance between images only using image links
without relying on image features or textual annotations. The
experimental results demonstrate the feasibility of the proposed
approach.
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Figure 4. Performance comparison.
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