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Abstract

In this paper we m@sent scalable algorithms for igeretrieval based on coloOur solution
for scalability is to cluster the inges in the database intoaips of imges with similar color
content. At seah time the query inge is fist compaed with the pg-computed cluster and
only the closest set of clusses further @amined by comparing the query igaato the imges
in that set. This obviates the need to corapihe query imge with eery image in the database
thus making the seehr scalable to lage databases. #/have used the himchical clustering
and the K-means clustering tetques. Brformances of these two clustering algorithms ar
compaed when thge similarity meases, the histgram intesection measey the L, and the

L, measues, ae used for imge retrieval.

The retrieval accuacy of the clustering algorithms is computed by comparingeselts of
retrieval with clustering gainst the esults of etrieval without clusteringOur experiments with
a database of 2000 color imas show that both clustering teéques der a retrieval accuacy
of over 90% with only an avage of 300 similarity comparisons (as opposed to 2000 compari-
sons that a& required for etrieval without clustering). Ounwaluations show that the hinchi-
cal clustering algorithm outperforms the K-means clustering algorithm for adetbmilarity
measues, although only mgmally in some cases.

1: Introduction

Content-based image retr&d has become a prominent research topic in recent years.
Research interest in this field has escalated because of the proliferation of video and image data
in digital form. The goal in image retvia is to search through a database to find images that are
perceptually similar to a query image. An ideal image rettiengine is one that can completely
comprehend a gén image,.e., to identify the arious objects present in the image and their
properties. Gien the state of the art of research in the image analysis comysutityan ideal
retrieval system isdr from being realityMoreover retrieval based on human annotation is to no
avail, because of the size of the video and image databases arahting interpretations that
different humans can attach to an image. Examples of color content based imagé adgoe

1. Appeared in IEEE \&tkshop on Empirical Eatuation of Computer igion Algorithms,
CVPR 1998. Also as a chapter in the book “ Empiricall&ation Bchniques in Computer
Vision” edited by K. Bavyer and R. Phillips



rithms can be found in [1-5, 7, 8].

In a practical scenario, kkthe Internet, the number of images can be of the order of millions
and is ger graving. Ewen if the time required to compareawnages is ®ry short, the cumula-
tive time needed to compare the query image with all the database images is rather long and is
probably longer than the time avesage user ants to vait. We sol\e this problem by grouping
or clustering the images according to their similarity beforehand, so that at the time of the query
it is not necessary to perform axhaustve comparison with all the images in the database. The
clustering is performed based on visual featuréimeted automatically from the images.

Performance waluation has been a challenging issue in the field of content-basedatetrie
primarily because of the diifulty associated with calculating quantit@timeasures tovaluate
the quality of retrieal. Theprecisionandrecall measures h& been frequently used by nyan
researchers [5] tovaluate the performance of retrad algorithms. In this paper we introduce a
quantitatve method toeluate the retrieal accurag of clustering algorithms. Our goal is not to
subjectvely evaluate the quality of retnial, but to quantitatiely compare the performance of
retrieval with and without clustering.

In this paper we present clustering techniques for scalable imagealetrian lage data-
bases andwaluate the performances ofdwelustering techniques: the hierarchical and the K-
means. Each clustering technique is applied with thrdereliit similarity (or distance) mea-
sures: the.; norm, thel, norm, and the histogram intersection measure. The images in the data-

base are clustered into groups based on local color similatityng retrizal, the query image

is initially compared with the representatiof each clusteihen the query image is compared
only with the images in the closest clusters and these images aed edording to their simi-

larity with the query image. Thus it is not necessary to compare the query imagevemth e
image in the databaseo~each clustering technique and similarity measure, thevatdecu-

ragy is obtained by comparing the results of retlewith clustering aginst the results of
retrieval without clustering (comparing the query with all the images in the database) using the
samesimilarity measure.

Techniques fordst image retrial from lage databases Y& been presented in [9-11]. All
these techniques require that the similarity (distance) measure used to compare images be a met-
ric, i.e., the similarity measure should satisfy the triangle inequéadibywever, mary similarity
measures, lik the histogram intersection measure used here, do not satisfy the triangle inequal-
ity. The scalable retni@l technique presented here does not require the similarity measure to be
a metric and hence is more general.

The rest of the paper isgamized as follvs. Section 2 carries the details of refsiebased on
clustering. Section 3 presents the details deddht similarity measures and clustering algo-
rithms that are used. Section 4 presents ¥perégmental set-up and theperimental results.
Section 5 presents the conclusions of the performarataation and eenues for future wark.

2: Image clustering

Searching lage databases of images is a challenging task especially fovakbyecontent.
Most search engines calculate the similarity between the query image and all the images in the
database and rank the images by sorting their similarities. One problem with this approach is that
it does not scale up for g& databases. The ret@time is the sum of twtimes: jand Tggyt.

Tsim IS the time to calculate the similarity between the query sed/émage in the database,
and T, is the time to rank all the images in the database according to their similarity to the
query

Ttotal = rrrlsim"' O(nlogn)



wheren is the number of images in the databasgy,is the time to calculate the similarity
between tw images, an@®(nlogn) is the time to som elements.

When the images in the database are clustered, theaétmee is the sum of three times, the
time to calculate the similarity between the query and the cluster centers, the time to calculate
the similarity between the query and the images in the nearest clusters and the time to rank the
images. Therefore the total search time is:

Teiuster = KT15im* 1 T1gim + O(llogl)

Herek is the number of clusterkjs the number of images in the clusters nearest to the.query
Sincek<<n andl<<n, T¢yster<< Tiotal-

3: Image representation, similarity measures and clustering

3.1: Image representation

Several histogram-based approachegehabeen proposed for image retakby color [1, 3,
7]. These approaches are based on calculating a similarity measure between the color histogram
of the query image and the images in the database. Taeedife between these approaches is
mainly in their choice of the color space and the similarity measure. Since these approaches use
a single image histogram to calculate similarities, the resultsxpeeted to reflect only global
similarity. For example, if a user submits a query image withyaatkhe top and sand at the bot-
tom, the retrieed results wuld hase a mix of blue and beigeytnot necessarily with blue at the
top and beige at the bottom. This can be aelieonly if the image representation reflects the
local color information.

In this paperwe use the scheme that we presented in [2], tov akitrieval based on local
color features. Images in the database afideti into rectangular géons. Then eery image is
represented by the set of normalized histograms corresponding to these rectagguisr lte
should be noted here that the choice of the rectanggi@mnrsize is important. In oneteeme,
the whole image is considered as a singljgorewhich reflects the global color information. As
the size of the gion becomes smallethe local wariations of color information is captured by
the histograms. The size of thgjien should be small enough to emphasize the local color and
large enough to &r a statistically alid histogram. In thex@eriments, images werevidied
into 16 rectangular ggons.

3.2: Similarity measures

The similarity between tavimages is measured by calculating the similarity between the his-
tograms of the corresponding rectangulgiares. Then a single measure of similarity between
the two images is calculated by combining the walial similarities. Br performancevalua-
tion, we h&e used three similarity (distance) measures that are frequently used in the literature,
namely the histogram intersection, the, and theL, norms. The.; and theL, norms are dis-
tance measures, whereas the histogram intersection measure is a similarity measme. W
verted distance measures to similarity measures by taking gagiveevalues of the distance
measures. @en two normalizedhistogramsP= {p;,py, ..., B}, @={01, U, ..., G}, the histo-
gram intersection measure is defined as [1]:

H(P, Q) = Z min(pilqi)'

i=1



ThelL, norm is defined as:

m
Ll(P’ Q) = Z |pi _qi|
i=1
and thel, norm is defined as:

L,(P,.Q) =

3.3: Clustering

We hare used tw clustering algorithms, the hierarchical and the K-means clustering algo-
rithms to group the images into clusters based on the color content. Both these clustering algo-
rithms hae been frequently used in the pattern recognition literature. Brief details on the
implenpentation of these twclustering algorithms are presented elo

Thelhierarchical clustering algorithm [6], is implemented asvaHzelov:

Let n be the number of imas in the databaséhe similarity between all
pairs of imaes is pecomputed.

1.The n im@ges in the database @mplaced in n distinct clustelindexed
by{C1, Cp..... G}

2. Two distinct unmeged clustes G, and G are pidked sub that their sim-
ilarity measue is the lagest.

3. These two clustsrare meged into a n& cluster G,,;. At eat step
two clustes are meged to form a n& cluster Theefore, the number of
clustes is reduced by one
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reduced to aequired number por the laigest similarity measwar
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The|K-means clustering algorithm [6] is implemented asvialo

1. The number of clusten, is chosen a priori. The Jxentes ae dosen
by randomly pi&ing n. images fom the database

2. For eadh image in the databasehe similarity measarbetween the
image and the clustsrcentes are computed and the igais assigned to

4. Steps 2 and 3 arepeated until theris no further bange in the cluster
centes.




4. Experimental setup

The results presented in this paper are obtained with a database of 2000 images, 200 of which
are talen from tw collections of COREL Professional Photo CDIRs. The rest of the images
are obtained from the Department oM Resources, California. The COREL images are
obtained from tw CD-ROM collections, the Sampler Il - Series 400000 and the Sampler -
Series 200000. The list of images thatehbeen used here can be madslable to agone that
may be interested in using them by contacting the second author

The images are of widelyawying colors and scene content. The number of clusgesscho-

sen to be 133. The number of clustegs,s chosen such that theeaage number of images per
cluster is 15, i.en.=2000/15=133. The number of clusters in both the clustering techniques are

the same to ensuraif comparison. The hierarchical and K-means clustering algorithms are
applied to the 2000 images in the database using each of the tlesmtgimilarity measures.

For the hierarchical clustering, the number of images in the smallest andgént [zluster is, 2

and 40 with the histogram intersection measure, 2 and 48 with, threeasure, and 1 and 63

with theL, measure. & the K-means clustering, the corresponding numbers are, 1 and 49 with
the histogram intersection measure, 1 and 52 with {meeasure, and 1 and 69 with themea-
sure.

4.1: Retrieval accuracy with clustering

After clustering and selecting the cluster centers, thiengguery image is first compared
with all the cluster centers. The clusters are ednkccording to their similarity with the query
Few closeclusters from the top of this raed list are chosen. Then the query image is compared
directly with the images in these clusters. Thus the number of comparisons is reduced consider-
ably from comparing the query with all the images in the database. Itvi; dbedav that the
retrieval accurag is not compromised in this process. The number of similarity comparisons
required depends on the sizes of the clusters and the number of clustersdmiing .

We hare used a quantitag measure to compare the rataleresultswith clustering aginst
the retrial resultswithoutclustering. A user searching through @géadatabase, is interested
in only the top fev best matches (say 10 or 20). Hence, if the ketriwith clustering returns the
same fev best matches as the ones returned by vatrigithout clustering, then the retvad
with clustering is ery accurate. Assume that the user is interested in only togst matches
and thaMM is the number of images that are present both in thi tepults returned by retxial
with and without clustering. The retv@ accurag with clusteringy;, when theith image is

used as a query is defined as:

Y, = %100

Theavelage retrieval accuacy with clusteringAy is obtained by taking thevaragey, over
all the query images.

AT Y

i=1



4.2: Discussion of results

The perimental results from using thedwlustering algorithms with the three similarity
measures are presented in Figures 1-7. Each of these plots contain eight points, obtained by
examining the top 3, 4, 7, 10, 13, 19, 25, and 31 clusters. In all the figures, the leftmost point
corresponds to the result obtained Bgraining 3 clusters and the rightmost point corresponds
to the result obtained bykamining 31 clusters. The retved accurag increases as the number
of examined clusters is increased.

We conducted tw sets of gperiments. In the first set, we used each of the 2000 images in the
database as a query imager Each querythe retrigal accurag and the number of image simi-
larity comparisons for the eight tBfent cases are calculated. Therages of the retn@l accu-
racies and thevarages number of comparisons are plotted in Figures 1-3. The results are
discussed in Section 4.2.1. In the second setpdrament, we used a set of 300 images that are
not a part of the database of 2000 images as query images. These 300 images are also obtained
from the Department of ®er Resources, California. Aig, for each querythe retrigal accu-
ragy and the number of image comparisons for the eigterdifit cases are computed. Figures 4-

6 carry the results of thisxperiment. The results of thixgeriment are discussed in Section
4.2.2. In the case of the K-means clusteringpe@ments were repeated withfdifent random
selections of the initial centers.e/fbund that for dferent random initializations theakiations

in the aerage retrieal accurag and the number of similarity comparisons weseyvsmall.

4.2.1: Results with database images as queries: Figure 1{ed #te plot of gerage retrieal
accuray against the number of comparisons for the hierarchical clustering using the tfeee dif
ent similarity measures. It isasth mentioning that for each similarity measure, the ettie
results obtained with clustering are comparedgiragj the retrigal results obtained without clus-
tering using the same similarity measures Wave not used a commaoground-truth acainst
which the retrigal results of dierent similarity measures are comparediast. Figure 1(a)
shaws that for the hierarchical clustering, the histogram intersection meagen® tok lagest
retrieval accurag for a gven number of comparisons, closely faled by thel.; measure. The
retrieval accurag for the L, measure is significantly wer than the rest. Similar results are

obtained with the K-means clustering asvehan Figure 1(b).

One inference that can be drafrom Figure 1 is that both clustering algorithmieoé lage
reduction in the number of comparisons without sacrificing the vatreecurag. A retrieval
accurayg of over 90% can be obtained for both clustering algorithms with the histogram inter-
section and the; measure byx@amining only the top 13 clusters (out of 133 clusters). Tke-a
age number of comparisons requiredxamine the top 13 clusters is less than 300, compared to
the 2000 comparisons that are required if the ketties performed without clustering. eV
expect that the reduction in the number of comparisons with clustering will be mgehdarthe
size of the database is increased.

Figures 2 shwos the retrigal accuracies for the twclustering algorithms with the histogram
intersection measures foalues of N=10 and 20. Axjgected theerage retrigal accurag for
N=20 is laver than that for N=10,u1 only a fev percentage points. The féifence in retrieal
accuracies between N=10 and N=20 reduces as more number of clustzesranea,. e., the
gap between the wvplots, in Figure 2, narves as we mee tovards the right in the abscissa.
The plots are ery similar for the other tavsimilarity measures and hence are not presented.

Figure 3(a) shws the comparison between the hierarchical clustering and the K-means clus-
tering with the histogram intersection measure. The hierarchical clustering performs better than
the K-means clusteringubonly very maginally. Figure 3(b) shws the same comparison for



theL,; measure and the conclusion here is the saore¢hEL, measure (not skm) the results
are similar

4.2.2: Results withx@ernal images as queries: Figures 1-3asftbthe results obtained when the
guery images are tak from the database. A more thoroughlgation should include queries
that are not part of the original database. Figures 446 #t@results obtained from the second
set of eperiment, where we used a set of 300 images that are not a part of the original database
as queries. The performances reported in Figures 4-6eayesimilar to the corresponding
results in Figures 1-3 stwing that there is no deadation in the retnal performance when the
gueries are chosen from outside the database.

Figure 4 shws the retrigal performance for the three f@ifent similarity measures. Similar
to Figure 1, the histogram intersection measures performs slightly better tHannieasure.
Thel, measurexhibits the lavest retrigal accurag among the three measures. Figure vsho

the comparison of retwal accuracies foralues of N=10 and 20. The results are similar to Fig-
ure 2, with the retrieal accurag for N=20 slightly laver than N=10 and the ¢&frence reduces
as the number of clustersamined is increased. Figure 6 glsathe comparison of the hierarchi-
cal and the K-means clustering algorithmsailg the results are similar to Figure 3, with the
hierarchical clustering performing nggmally better than the K-means clustering.

Figure 7 shws the comparison between theotsets of gperiments. Theerage retrieal
accuracies obtained with the 2000 images as quéniesn@al queriey and with the 300 images
(external to the database) as queries are plotted in Figure 7. It is interesting to see that when less
than sgen clusters arexamined (the third point in each plot), the retaleaccurag for external
gueries is less than that of the internal queries. But, as more clustexarareesl, the retrial
accuray for external queries outperformed the retdk accurag for internal queries. The
results are similar for all three similarity measures (thmeasure plots are not sti).

5: Conclusions and future work

The results obtained with the hierarchical and the K-means clustering algorithmshsaiho
both clustering algorithms drastically reduce the number of required similarity comparisons
without sacrificing the retri@l accurag. These clustering techniques can be used for scalable
image and video retval from lage databases. The hierarchical clustering algorithm outper-
forms the K-means clustering algorithm in all casesnahough only mainally in some cases.
Out of the three similarity measures that akesticgated, the histogram intersection and lthe

measures performevy similarly whereas thé, measure is significantlyarse. V¢ also found
that the histogram intersection and themeasures result in more uniform clusters, whereas the
L, measure results in manery small and ery lage clusters.

We chose the histogram intersection, the and thelL, measures, because yhare well

known measures. Our goal is to shthe efectiveness of clustering for scalable retakand to
compare the results when usingetiént clustering algorithms. 8\are presentlyx@erimenting
with more sophisticated similarity measures thatehiaeen used in the content-based nedtie
community and these results will be presented in the near future.

In our computations of retwal accurag for each similarity measure, weveaobtained the
retrieval accurag by comparing the results of retréd with clustering aginst the results of
retrieval without clustering using the same similarity measure. One direction of futuke ie/
to identify a benchmark agnst which the performances offdifent similarity measures can be
compared agnst.



The clustering technique presented here for image vetrean potentially be used foasdt
browsing of lage image and video databases. From each clusteror more represeniadi
images can be chosen and thumbnail representations of these images can be vigadetame
browse through the database.
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Figure 1: Average retrieval accuracy of (a) the hierarchical clustering and (b) the K-means clus-

tering with N=10. (The eight points in these and the rest of the plots are obtained by examining

the top 3, 4, 7, 10, 13, 19, 25, and 31 clusters. The retrieval accuracy and the number of compar-
isons required increase with the number of clusters examined).
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Figure 2: Average retrieval accuracy of (a) the hierarchical clustering and (b) the K-means clus-
tering with the histogram intersection measure for different values of N.
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Figure 3: Comparison of average retrieval accuracies of the hierarchical and the K-means clus-
tering with (a) the histogram intersection measure and (b) the L; measure, with N=10
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Figure 4: Average retrieval accuracy of (a) the hierarchical clustering and (b) the K-means clus-
tering with N=10 (queries from outside the database).
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Figure 5: Average retrieval accuracy of (a) the hierarchical clustering and (b) the K-means clus-
tering with the histogram intersection measure for different values of N (queries from outside the

database).
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Figure 6: Comparison of average retrieval accuracies of the hierarchical and K-means cluster-
ing with (a) the histogram intersection measure and (b) the L, measure, with N=10 (queries from
outside the database).
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Figure 7: Comparison of average retrieval accuracies when the queries come from inside and
outside the database for (a) the hierarchical clustering and (b) the K-means clustering with the
histogram intersection measure, with N=10.



