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Abstract

Digital images and video clips are becoming
popdar due to the increase in the availahility of
consumer devices that capture digital images and video
clips. Digital content is also ggowing over the Internet.
The increase of the digital content creates a need for
user- friendly tods to browse throughlarge wolumes of
digital material. In this paper we present a clustering
based browsing dgorithm. Images are automatically
clustered using a herarchical clustering dgorithm and
users can then browse throughthe images by navigating
the tree structure that results from the dustering. We
have tested the algorithm on alarge number of images.

1. Introduction

Content-based image/video trowsing and retrieval
are beacoming important research topics in recant years.
Research interest in thisfield has escalated because of the
proliferation of video and image data in digital form. The
growing popularity of the Internet, the introduction of
new consumer products for digital image and video cre-
ation, and the emergence of digita standards for
television broadcasting have resulted in a greater demand
for efficient storage and retrieval of multimedia data.

Content-based retrieval systems for images [1-5,8]
based on various image features have been presented.
However, image browsing has not recéved as much
attention as image retrieval from the research
community. Most of the above mentioned systems require
the user to perform search by example, by choasing one
of the isting images in the database as a query image or
by requiring the user to compose an image. Often users
can not present to the system good examples of what they
are looking for without effedively browsing through the
database. Hence an efficient browsing tod is essntial to

introduce the user to the @ntents of the database. After
identifying an image of interest through browsing, the
user can perform content-based search to retrieve similar
images from the database.

For databases with large numbers of images, it is not
feasible to krowse linearly through the images in the
database. A desirable dharacteristic of a browsing system
is to let the user navigate through the database in a
structured manner. In [9] a content management systems
for home video libraries, which automatically segments
the video clips and extracts a visual table of content, was
presented. The user can browse the video material
through the table of content. In [10], a system was
presented for parsing and browsing the video through the
extracted key-frames.

In this paper we present a browsing approach where
users can navigate non-linearly through theimagesin the
database. The approach is to automatically create a hier-
archical clustering of the images in the database and use
the resulting tree structure to navigate through the
images. This approach is efficient and does not burden
the user to go through all the images in the database.
This approach can be applied to key-frames extracted
from video segments to enable the users to krowse
through their video libraries. It should be dear that the
usefulness of this approach depends on the robustness of
the hierarchical clustering results. If some images are
grouped incorredly, the user may not be able to find
them by browsing through the tree Quantitative
evaluation of the dustering for browsing is difficult
without subjedive tests. We have oktained quantitative
results to show the use of hierarchical clustering for
efficient content-based retrieval [6,7].

The rest of the paper is organized as follows. Sedion
2 mesents the details of image representation and
similarity measure. Sedion 3 presents the detail s of the
hierarchical clustering algorithm. Sedion 4 presents the
algorithm for seleding the representative images from
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each cluster. Sedion 5 presents the use of hierarchical
clustering for image browsing and presents me
examples. Sedion 6 presents briefly the quantitative
results to show the dfediveness of hierarchica
clustering. Finally, Sedion 7 concludes the paper.

2. Image
Measure

representation and Similarity

2.1. Image representation

Several histogram-based approaches have been
proposed for image representation by color. These
approaches are based on using a single wlor histogram
for image representation. The difference between these
approaches is mainly in their choice of the @lor space
and color quantization. Since these approaches use a
single histogram to calculate simil arities, the results are
expeded to refled only the global similarity. In this
paper, we use the scheme we used in [2], which allows
retrieval based on local color features. Images in the
database are divided into redangular regions. Then every
image is represented by the set of normalized histograms
corresponding to these redangular regions. It should be
noted here that the dhoice of the redangular region size
is important. In one etreme, the whole image is
considered as a single region, in this case the image
representation refleds the global color information. As
the size of the region bewmmes snaler, the local
variations of color are cptured by the local histograms.
The size of the region should be small enough to
emphasize the local color and large enough to dfer a
statistically valid histogram. In the eperiments, images
were partitioned into 16 redangular regions.

2.2. Similarity measures

To enable non-linear browsing, similar images are
automatically grouped together using an appropriate
simil arity measure. The simil arity between two images is
measured by calculating the similarity between the
histograms of the @rresponding redangular regions.
Then a single measure of similarity between the two
images is calculated by adding the individual similarities
between the @rresponding regions. We have used the
histogram intersedion measure to compare the individua
normalized histograms (probabilities). Given two
normali zed histograms, p = {py, P2, ..., Pm}, 4= {01, %,
....0m} , the similarity measure is defined by

S, = > min(p,.q)

3. Hierarchical Clustering

Let n be the number of images in the database, the
similarity between all pairs of images is pre-computed.
The hierarchical clustering [11] is performed as foll ows:

1. Thenimagesin the database are placed in n distinct
clusters. These dusters are indexed by {C,, C,,...,
C.}. For the kth cluster, the set E, contains all the
images contained in that cluster and N, denote the
number of images in the duster. E, ={k} and N, =1
for k=1,2,...n.

2. Two clusters C, and C; are picked such that the
similarity measure S, is the largest. (The similarity
measure between two clusters is defined in the
following subsedion). These two clusters are merged
into a new cluster C,;;. This reduces the total
number of unmerged clusters by one. E,.; is updated
to Envi={ EXUE;} and N, isupdated to N1 = Ni+N,.
Out of the two children of C,,4, oneis referred to as
the right child RC,.; = k and the other as the left
child LC,.; = I. The similarity measures between the
new cluster C,..; and all the other unmerged clusters
are omputed as discussed below.

3. Steps 1 and 2 are repeated wntil only one duster is
[eft out.

Figure 1 shows a simple eample of hierarchical
clustering with 8 images.. For this example, Ni4=5,
N12:3, El4:{ 1,2,3,4,5} and E12:{6,7,8}. Al&), RC14:5
and LCy;4,=13. The tree structure obhtained from
hierarchical clustering can be dfedively used for
browsing. The dustering algorithm presented here does
not diredly depend on the nature of similarity measure.
In [6], we have presented a performance evaluation of the
clustering algorithm for different simil arity measures.

®

Figure 1: Cluster merging process in hierarchical
clustering.



The smilarity measure between two images is
defined in the previous dion. The measure of
similarity, &, between two clusters, C, and C,, is defined
in terms of the similarity measures among the images

L, o

(N+N)
that are ontained in those dusters as foll ows:

S

k|l

where s is the simil arity measure between images i and
i, Ex isthe set of images present in the duster C, and Ny
isthe number of imagesin cluster Cy. P, is the number of
pairs of imagesin a cluster with nimages: P, = (n-1)n/2

In other words, S, is defined to be the average
simil arity between all pairs of images that will be present
in the duster oltained by merging C, and C,. Since the
similarity between clusters is defined in terms of the
similarity measures between the images in the dusters,
thereis no need to compute the duster centers every time
two clusters are merged.

When two clusters, C, and C,, are merged to form a
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new cluster, C,, then it is necessry to compute the
similarity between this cluster and al other clusters as
given in Eqg. (1). This computation is cumbersome as
shown below. For any cluster C;, the similarity measure
between C, and C; is:

S =

m.t

@)
and S, is &t equal to §;.

A smple reaursive method to achieve the same @n
be obtained using the fact that the first term in Eq. (2) is
equal to Ppi+ngSk the second term is equal to Py S;
and the third term is equal to Ppyeng S +Povieng S
PNIS,I'PNkSgk'ZPNtS,t . Thus the Sm”a”ty Sn,t can be
obtained from, Sy Su St S S, ad Sk The
following equation requires far less computation
compared to the one above.

(©)

In Eq. (2), Syt is computed by summing up the

simil arity measures of all pairs of images in C,, and C,

and hence the @mputation grows as the square of

number of images present in the two clusters. The
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computation in Eq. (3) is independent of the number of
images in the dusters. At the beginning of clustering, for
al the dusters § is st equal to 5 and §; is st equal to
zero.

4. Selection of Representative mages

After clustering, a set of representative images is
sdleded from each cluster. These representative images
are used for navigation of the database. The treestructure
that is obtained as a by-product of the dustering
agorithm can be dfedively used to sded the
representative set of images. In Figure 1, let us consider
seleding R representative images for cluster Cy4. From
the treestructure it can be inferred that the images 1 and
3 belong to cluster 9 and images 2 and 4 belong to cluster
10. Hence a goad seledion of representative images, for
R=3, isto sdled one from {1,3}, another from {2,4} and
5. 1f R=2, then it is apt to seled one from {1,2,3,4} and 5
as representatives. Similarly for Cy,, it isbetter to seled 6
and 8 or 7 and 8instead of 6 and 7. Such a sdedion
would result in a representative set that captures the
diversity of images present in the duster.

Let C; be a cluster for which a set of representative
imagesis to be sdleded. A set of R nodes is chosen from
the treeassciated with C; and from each of these nodes a
representative image is <eded, resulting in R
representative images. The following steps explain this

procedure;
1. Set n=0 and form a set R={i}. If R=1, then go to
Step 5.

2. Each dement in R, is an index of one of the dusters
in the sub-treeassociated with C;. Find an e ement k
in R, such that Ny isthe largest.

3. Form anew set R, by copying al the dements of
R, except k and by adding RC, and LC,.

4. Repeat steps 2 and 3 wntil the number of eements
contained in R, isequal R.

5. Now R, contains R nodes from the tree assciated
with C;. From each of these nodes a representative
imageis chosen. If kisan element of R, , and N&=1
then the sdledion is draightforward, i.e., the image
asociated with the node is fleded. If N>1, then it
is necessry to seled a single image representative
from E,. This is done by sdeding the one that has
the maximum average similarity measure with the
other N-1 imagesin E,.

For the eample shown in Figure 1, finding a
representative set of images for Ci5 with R = 3, begins
with Ry = {15}, Ry = {14, 12}, and sinceNy4 > Ny, Rs =
{135,12}. The iteration stops here as R; contains three
elements already. Now, since Cs has a single dement,
image 5, is chosen as a representative image. Another



representative is sleded from C,3 that contains four
images {1,2,3,4} by calculating the average simil arity of
each image with the other three images and then
choosing the one with the maximum average simil arity.
Asaiming that image 2 has the largest average simil arity,
it is sleded as the representative image. Similarly
another representativeimage is sleded from Ci.».

5. Image Browsing

We have developed an image browsing system
accesgble through the Internet. Two screen shots of our
system are presented later. The hierarchical clustering
was performed on a database of 3856 images, 200 of
these images are taken from two collecions of COREL
Professonal Photo CD-ROMSs, the Sampler Il - Series
400000and the Sampler - Series 200000 The rest of the
images were obtained from the Department of Water
Resources, California. The images are of widely varying
colors and scene mntent.

The hierarchical clustering was performed as
discussd in Sedion 3 by reaursively merging the
clusters. For each cluster (node in the treg twenty-five
representative images were seleded. The tree structure
and the set of representative images for each cluster is
stored and then used for browsing.

From the nature of the hierarchical clustering
agorithm, the dusters at the lower levels of the tree
contain predominantly similar images. Whereas the
clusters at the higher levels of the tree @ntain more
dissmilar images refleding the diversity of the image
content in the database. Thus, when the user begins to
browse at the top level of the tree many dissmilar
images are displayed to the user. But as the user traverses
down the tree the displayed images are more similar to
theimage of the user’sinterest.

At the top level of browsing, the user first sees the
representative images corresponding to the roat node of
the hierarchical clustering tree Figure 3 shows the
screen shot of the representative images in the top level.
Each of these images was sleded from the dusters in
the R, set as discussed in sedion 4. The number below
each representative image shows the number of images
present in that cluster. The user can navigate through the
database by seleding one of the displayed images that is
smilar to what he/she is lodking for. Once the user
makes the seledion, the duster containing the image
sdleded by the user is identified and the representative
images of that cluster are displayed. Figure 4 shows the

screen shot when the user seleds the image in the fourth
row and the second column in Figure 3. Here it can be
sea that the images are predominantly blue-sky images.
Thus the user navigates down the treein browsing for the
image of interest. It is also possble to navigate upwards
through the tree by seleding the up-arrow as diown in
Figure 4.

6. Quantitative Evaluation

The hierarchical clustering achieves the same goal
for browsing and retrieval, namely to avoid looking at all
the images in the database in case of browsing and to
avoid comparing a query with all the images in case of
retrieval. Thisis achieved by grouping similar imagesin
the same duster. In case of retrievl we @n
quantitatively evaluate the dfediveness of clustering by
comparing the results of retrieval with clustering against
the results obtained by comparing the query exhaustively
with every image in the database. These quantitative
results can give us a goad indication of the dfediveness
of clustering for browsing, because whil e browsing a user
seleds an image and the system seleds (or retrieves) the
representative images from the duster that contains the
sdleded image.

We dustered all the images in the database using
hierarchical clustering as discussed in Sedion 3. Instead
of repeating Steps 1 and 2 in Sedion 3 wntil only one
cluster is left out, we stop the dustering when the
average number of images per cluster reaches a
threshold. In our experiments the average number of
images per cluster was chosen to be 22 images. The
smallest cluster contained 5 images and the largest
cluster had 80images. For each of these dusters, the set
of representative images is ohbtained as discussed in
Sedion 4. The histograms of the representative images
are averaged to oltain a cluster-histogram for each of the
clusters.

To retrieve similar images for a given query, the
guery image histogram is initially compared with all the
cluster-histograms. Then a subset of clusters that have
the largest simil arity to the query image is chosen and all
the images in these dusters are cmpared with the query
image. The images that exhibit the largest similarity
measure to the query are then displayed to the user. This
comparison scheme obviates the need to compare the
query image exhaustively with each individual image in
the database.

To quantitatively evaluate the use of clustering for
retrieval, we dose a set of 300 query images (that are not
present in the database) and for each of the query image,
we performed an exhaustive search and retrieved the top



Retriewal Accuracy

N similar images. Then, for each of query we performed
a clustering-based search and obtained the top N similar
images. The ratio o the number of common images in
clustering based search and the exhaustive search to N is
defined as the retrieval accuracy. The retrieval accuracy
is then averaged over al query images. Figure 2 shows
the plot of the average retrieval accuracy against the
average number of the similarity comparisons required.
The plot consists of 8 points, obtained by examining the
top 34,7,10,13,19,25, and 31clusters. The leftmost point
corresponds to the result obtained by examining 3
clusters and the rightmost point corresponds to the result
obtained by examining 31 clusters. From the figureit can
be seen that for N=10, i.e., the user is interested in the
top 10 retrieved images, 90% retrieval accuracy can be
obtained with 540 similarity comparisons as opposed to
3856 comparisons that would be required for exhaustive
search.
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Figure 2: Retrieval accuracy with hierarchical
clustering

Our experimental evaluation shows that this
clustering based indexing technique offers high retrieval
acauracy with a considerable reduction in the number of
images being examined. For detail ed results the reader is
referred to [6,7].

7. Summary and Conclusions

In this paper we have presented an algorithm for
nonlinear image browsing based on image dustering,
where images are represented by local color histograms
and are grouped uwsing the hierarchical clustering
technique. The hierarchical clustering produces a tree
structure. For each node in this tree a sat of
representative images is sleded. The representative
images for the nodes at the higher levels of the tree show
the diversity of image @ntent in the database thus

enabling the user to view the variety of images. The
representative image set at the lower levels contains very
similar images. The hierarchical tree structure @n thus
be dficiently used to navigate through large volumes of
digital images.
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Figure 3. Top level of the image browser. Representative images of the
root node are displayed. The number below each image represents the
number of images present in that cluster.
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Figure 4. The set of images displayed after the user selected an image
from the top-level representative images.



