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Abstract.  CBIR is a challenging problem both in terms of e ectiveness
and e ciency. In this paper, we present a exible cluster-an d-search ap-
proach that is able to reuse any previously proposed image descriptor as
long as a suitable similarity function is provided. In the cl ustering step,
the image data set is clustered using a hybrid divisive-agglomerative hi-
erarchical clustering technique. The obtained clusters are organized in a
tree that can be traversed e ciently using the similarity fu nction asso-
ciated with the chosen image descriptors. Our experiments have shown
that we can improve search-time performance by a factor of 10 or more,
at the cost of small loss, typically less than 15%, in e ectiv eness when
compared to the state-of-the-art solutions.

1 Introduction

There is a permanent demand for automatic tools to store, orgnize, browse, and
search collections of images, e.g., satellite imagery andmmercial collections of
stock photography to name but a few. Content-Based Image Reateval (CBIR)
systems aim at addressing these tasks. Arguably, the most ellenging task
within the domain of CBIR still remains being able to minimiz e search/retrieval
time while keeping the e ectiveness as high as possible.

In a typical CBIR system, images are processed and represesd as meta-
data | often an n-dimensional feature vector. In this process, di erent image
descriptors could be used (c.f., Sec. 3), depending on the ege domain or the
intended use of the system. Oftentimes, the user is interesd in searching for
images similar to a given query image. Thus, at query time CBR is used to
compare the metadata from the query image to the metadata of & images in
the data set. The searching process can be as simplistic asroparing the query
image to every other image in the data set, so-called a lineascan, or more
sophisticated using clustering or indexing structures.

In this paper, we focus on improving the search time aspect od CBIR system
by employing a exible cluster-and-search approach (c.f.,Sec. 4). Towards this
goal, the main contributions of this paper are twofold:
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1. We propose ahybrid clustering approach which alternates between agglom-
erative and divisive clustering paradigms.
2. We allow the use ofany image descriptor to be used for the image metadata.

For the rst point, we present a exible D ivisive-A gglomerativeH ierarchical
Clustering (DAHC) technique. It combines features from both divisive and ag-
glomerative clustering paradigms in order to yield good quéity clusters, which
are organized in a well-de ned tree structure. At search time, only representa-
tive elements of clusters need to be compared to the query inge, thus e ciently
pruning large portions of the tree, diminishing the number o required compar-
isons, and therefore reducing query time substantially.

The second point makes our proposed framework very exibleDAHC does
not impose any restriction on the descriptor used. It only ugs the set of elements
to be analyzed, which are not the images themselves but rathetheir extracted
features (metadata), along with a suitable similarity function.

Our experiments, using two real data sets and di erent imagedescriptors pre-
viously proposed in the literature, reveal that (1) our hybrid clustering technique
is more e cient and more e ective than using either a divisiv e-hierarchical-only
or partitional-only clustering approach, and (2) it improv es search time by up to
two orders of magnitude while incurring in a loss of e ectiveness typically below
10% when compared to using the same image descriptors withoalustering and
performing a full linear scan of the data set.

In the following, we present an overview of previous works ad present and
validate our proposed framework.

2 Related work

Data clustering algorithms can be partitional or hierarchical [6]. In this paper,
we rely on the latter. Hierarchical clustering strategies @n be divided into two
basic paradigms: bottom-up agglomerative or top-down divsive. Agglomerative
strategies begin with each element as a separate cluster antierge them into
successively larger clusters. Divisive strategies start ith one cluster and divide
it into new clusters. In both strategies, the process is rectsively repeated for
each obtained cluster until some convergence criteria areeiached.

The clustering paradigm can be used in di erent contexts sut as unsuper-
vised learning [2] and dimensionality reduction in micro-aray description [9].

In the past few years, some researchers have presented cleshg techniques
for CBIR. Shyu et al. [10] have introduced a uni ed framework to facilitate con-
ceptual database clustering for CBIR using Markov Model Medators (MMMS).
Antani et al. [1] have developed clustering techniques for wbrid text/image
query-retrieval for medical images. Malik et al. [14] have poposed a technique
to overcome problems of region growing algorithms such as sd point selection
and processing order. In their approach, the pixels are comgutively merged
in order to create representative clusters. In turn, Stehlng et al. [11] proposed
an adaptive agglomerative clustering algorithm to segmentimages into high-
similarity regions.



Bhatia [3] has introduced a hierarchical clustering techngue for image
databases. In such approach, the stored models are hierarically represented
into the database instead of using a at structure (nonhierarchical). However,
this technique presents the undesirable requirement of chaging the way the
images are physically stored thus breaking up the logical ath physical data in-
dependence in the database.

Kinoshenko et al. [7] have proposed a technique to partitionthe image into
disjoint subsets. Their approach splits each query into repesentative subclasses
and nds the most similar stored subclasses to each part of te query. Notwith-
standing, the image classes need to represent a structuralidrarchy, for instance
the relationship present in images of a car and its parts.

The main di erence among previous approaches and ours is thave combine
both agglomerative and divisive strategies in order to obtan a hierarchical clus-
tering structure, and that it does not depend on the image metdata but only
on the pre-de ned similarity function.

3 Image descriptors

As mentioned earlier, CBIR relies on representing the image by some ideally
compact and possibly application-dependent metadata. Thecommonest meta-
data used in this domain is based on the color feature, more szi cally, its

distribution over the images. Next we review a few represerdtive color-based
image descriptors that have been used elsewhere and which wese to illustrate
the exibility of our framework.

3.1 Global Color Histogram (GCH) [13]

The simplest approach to encode the information present in a image is the
Global Color Histogram (GCH). A GCH is an ordered set of values, one for each
distinct color, representing the probability of a pixel being of that color. This

approach uses uniform quantization and normalization to reluce the number of
distinct colors and to avoid scaling bias. ThelL; (City-block) or L, (Euclidean)

are the most used metrics for histogram comparison.

3.2 Color Coherence Vectors (CCVs) [8]

Zabih et al. have presented an approach to compare images bad on color co-
herence vectors. They de ne color's coherence as the degrée which pixels of
that color are members of large similarly-colored regionsThey refer to these
signi cant regions as coherent regions. Coherent pixels & part of some sizable
contiguous region (connected components), while incohent pixels are not.

3.3 Border/Interior Classi cation (BIC) [12]

Stehling et al. have presented the border/interior pixel classi cation (BIC). The
approach relies on the RGB color-space uniformly quantizedn 4 4 4 =64
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colors. After the quantization, the image pixels are classed as border or interior .
A pixel is classi ed as interior if its 4-neighbors (top, bottom, left, and right)

have the same quantized color. Otherwise, it is classi ed adorder. After the

image pixels are classi ed, two color histograms are compud: one for border
pixels and another for interior pixels.

4 DAHC

The Divisive-Agglomerative Hierarchical Clustering (DAHC) is a hybrid clus-
tering technique that relies on the combination of featuresfrom both divisive
and agglomerative clustering paradigms. This combinationyields good-quality
clustering solutions with fewer computational operations By constructing a tree
structure as a result of the clustering task, the method allavs a substantial
reduction in the query processing time. This is possible beause instead of per-
forming a linear scan of the data set, DAHC compares the querglement only to
representative elements of clusters. Hence, a large numbef otherwise potential
candidate answers need not be inspected at all.

Before we present the proposed technique, we introduce theatation used in
the same in Table 1. Figure 1 shows an illustration of DAHC. At the beginning,

Table 1. Symbol de nitions.

Symbol Meaning
C, Crep , Cehila |A Cluster; a representative element of the cluster c; and a reference
to the lower level cin a hierarchy of clusters

Ci Set of clusters at the i™ level

k The number of clusters for each clustering task

f 2 [0;1) The factor of re-clustering

E Set of elements under analysis ati™ level

D A metric measuring the dissimilarities among elements in E
z The number of levels in a given hierarchy

we have E elements to be clustered. After the rst iteration, we have the set
of clusters C; at the level 1 of the hierarchy with k clustersc; :::c. Note that
any clustering technique that can be parameterized to produce aiven number
of clusters (k in this case) can be used in this step. Next, for each clusteg; in
Ci1, we ndthe bf  kc closest clusters toc; and combine them, creating a new
set of clustersEg, . This is the agglomerative step of our approach. We assume
that, by construction, each cluster has a representative inage, thus, the notion
of closeness between clusters reduces to closeness betwtwir representative
images. (The similarity function de ned by a given image de<riptor is used to
yield the notion of closeness.) For each of these cluster,,, the same steps
above are repeated generating the next level in the hierarghof clusters with
nodescyy :::Cik :::Ck1:::Ckk . We iterate this process whilejE, j > k. Note that
k is an important parameter as it allows one to be more or less agressive in the
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agglomerative step, and it has a direct impact on the shape othe resulting tree.
Algorithm 1 formalizes the DAHC approach.

Sometimes, depending on the data set, descriptor used, or em the technique
to nd the cluster representatives, a hierarchical tree canbe non-balanced. The
f and k factors together reduce the impact of a possible degeneratBAHC's
tree. Greater values ofk lead to lower and wider trees. Greater values off
lead to deeper trees given that there will be more elements teluster providing
more child nodes. In general, the DAHC height does not impactso much on the
retrieval time. This is because for each level, only the repgsentatives need to
be compared to the query element. As the width is also not a prblem given
that only some branches are chosen during a retrieval, the pgsible DAHC's tree
unbalancing is not problematic.

It should be clear now that DAHC employs both the divisive (in the rst
step) and agglomerative approaches (in the second step), hee the hybrid nature
of our proposal. Furthermore, any similarity function supported by the chosen
clustering technique can be usedCluster (k,E,D) function), which leads to the
exibility of our proposal.

Fig.1. A representation of DAHC.

The function Cluster (k;E;D) can use any partitional clustering method
such as K-means or K-medoids [5]. The partitional algorithmis responsible for
nding the representative elements (Crep ) Within each level and at each cluster.
In our implementation, we use the K-medoids as it is independnt of the metric
space. K-medoids only needs a dissimilarity matrix betweerelements while K-
means requires an Euclidean-space dissimilarity metric. ie metric-space inde-
pendence make DAHC truly exible, and potentially applicab le to other domains
besides CBIR.

Figure 2 illustrates a simple hierarchical structure obtained when using the
DAHC technique on a small sample of images. The gure shows &hodes in the
rst level but the child nodes of only one single rst-level node, namelycs due
to space constraints.

Processing a query using the DAHC's structure is rather simge. Given a
query image, we need to choose, at each level, the sub-treeatwill be traversed.
This is done by comparing each cluster representative to thejuery and choosing
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Algorithm 1 DAHC

Require: The number of clusters k, the re-clustering factor f 2 [0; 1),the set of ele-
ments E, and a metric D;
1: function DAHC (k, f, E, D)

2: C Cluster (k;E;D) . Divisive step
3: for each c¢c2 C do

4: C b f kcclosest clusters ofc2 C

5: E fg

6: foreach ¢ 2 C do . Agglomerative step
7: E E [c

8: end for each

9: if cardinality (E ) >k then . Deepening
10: Cchild DAHC (k;f; E ;D)

11: end if

12: end for each

13: end function

C1 [~ 1 =
|- ==

Fig.2. DAHC sample for 24 images and 8 classes.

the one with highest level of similarity. (Recall that we assume that the clustering
technique used in the function Cluster (k; E; D) will determine representative
images for each cluster.) Note that again, our approach allws for exibility as
the choice of similarity function is orthogonal to the proposal itself. Once the
lowest level (leaf) of the tree is reached, we sort the clusterepresentatives.
Finally, we gather the elements in each cluster using the sded representatives
until we complete the minimum required number of elements inthe retrieval.
To illustrate the method's e ectiveness, we create a simpleexample with 24
images of 8 classes (3 images per class) using the Corel Ph@allery. Figure 3(a)
depicts a query image and its top-3 results using the BIC degiptor | the most
e ective one used in our experiments | and a linear scan. One can clearly see
that the rightmost image in part (a) of the gure is not simila r to the query.
Figure 2 shows the DAHC results for the images in our examplefor instance,
the wrong result R3 for the query Q in Figure 3(a) is inserted in the cluster
cs1. However, in the next level it is put in a separate cluster Cs11), whose
representative is not similar to Q. Consequently that cluster is not investigated
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and R3 is not retrieved. It should be clear to see that using a simila reasoning
many other sub-trees are not traversed, thus speeding up qug processing time.

(b)

Fig. 3. Top 3 results using (a) linear scan and (b) DAHC using the samp le image set
in Figure 2 and the letfmost image as the query.

We conclude by stating the following theorem, which leads toa corollary
regarding the niteness of the DAHC construction.

Theorem For any given branch in the DAHC tree, its leaf clusters, at sone
point, will have less thanM elements for any value ofM > 1.

Proof. We have to show that there is a nite value z such that the number of
elements clustered at levelz for a given branch, jE,j, is less than M, where
M > 1. For our purposes, this means that, at some level of the treethere will
be less than theM elements required to trigger a new clustering task within
that branch.

The creation of new clusters and hence the deepening from a\gn branch
is controlled by the factor of re-clustering f . Analyzing the hierarchy and given
that f < 1, we havejqj < jEij, i.e., the size of each generated cluster is always
less thanjEj and wherej | dqgotes the number of elements.

Furthermore, we see that }(:1 jgj = jEij, i.e., the sum of the number of
elements of all clusters in a tree branch is always equal tQE;j. Therefore, we
generate the next level of the hierarchy for the clusterc; selectingbf  kc closest
clusters to the cluster ¢;. The number of selected clusters for a branch in the
next level, i +1, is always less thank given that f 2 [0; 1), we havebf kc<k.

Thus
bly ke

jgj < JEi] @)
j=1
i.e., the sum of the elements for all selected clusters in thee-clustering stage
for branch ¢ is always less than the total number of elements to be clusted in
this level E. However, the number of elements to be clustered in the nextdvel
branch is given by
bly ke
jEin] = iGi: (2)
i=]

From Equations 1 and 2, we have thatjE;.+1j < jE;j. From this equation and
the fact that at each new level jEj+1 | is, at least, one element less than in the
previous level, we have that there is a levet such that jE,j M forany M > 1
which proves that the DAHC branch converges.
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Corollary DAHC method always converges in the number of clusters (widj
and in the number of levels (depth).

Proof. To prove DAHC convergence, we have to show that for every give cluster
of DAHC tree, the number of elements to be clustered will evetually be less
than the minimum required number of elements to trigger a newclustering task.
Hence, we have two possibilities: (1) the width convergencand (2) the depth
convergence.

DAHC width is controlled by the function Cluster (k;E;D). As any parti-
tional clustering technique can be used in this step, if suctapproach converges
than DAHC converges in width. Partitional clustering techniques assume: (a)
k > 1 (i.e., the clustering only makes sense if there are, at legstwo clusters);
(b) non-empty clusters; and (c) non-overlapping clusters bard assignment)

They always converge to the solution either by stability or by a xed number
of iterations [5]. As a consequence, DAHC always converge iwidth.

The depth convergence is readily derived from Theorem 1. Fnm that theo-
rem, we have that for any given cluster in the DAHC tree, no mater its branches
depth, it converges. As the number of clusters is limited foreach level (width
limit in f and k) it follows that the DAHC is nite, as we wanted to prove.

5 Experiments and Results

In this work, we have used thequery-by-example(QBE) paradigm [4]. In QBE,
we provide a query image to the system and we expect in returnnhages that are
similar to the given query image.

In our experiments, we use the set of image descriptors desbed in Section 3.
We compare DAHC to (1) a linear scan of the data set with no clusering,
(2) a partitional clustering technique (denoted by PC), and also (3) a divisive
hierarchical clustering technique (denoted by DHC). Note that the last one also
results in a tree that can be traversed at query time, similaty to what it is done
within the DAHC. Furthermore, all these four solutions can be equipped with
the similarity function provided along with the image descriptors, yielding 12
di erent combinations of image descriptors and cluster-ard-search approaches.

We used two data sets. The rst one comprises 1,624 images fnro Corel
Photo Gallery? reported in [12]. This database contains 50 image categorseand
is referred to as the Corel Relevant sets (RRSets). The secdnset is from the
FreeFoto collectior. It comprises 3,462 natural images divided into nine classe

To assess the system e ectiveness, we divide an image datadainto training
and testing sets. We perform 5-fold cross-validation in theevaluation process.
We repeat this process 10 times and provide average resultén the clustering
tasks, we use K-medoids technique [5]. In the cross-validain, we use the training
elements to build the tree and the testing elements to perfom the retrievals.

We use the averagePrecision [4] metric to assess the retrieval e ectiveness.
Precision is the ratio of the number of relevant images retrieved to thetotal
number of irrelevant and relevant images retrieved.

3 http://www.cs.ualberta.ca/ ~mn/BIC/queries.html
4 http://www.liv.ic.unicamp.br/ ~undersun/pub/communications.html
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In the experiments, we have calculated the averag®recision using the top
30 retrieved images. This represents the number of relevanimages in the top
30 resulting images for each query. This value is an estimabdn of the number
of retrieved images an user would accept to inspect in ordera determine their
relevance to his/her needs and it was previously reported irf12].

In this section, we present results for our method and provié comparisons
to the state-of-the-art approaches. PC stands forPartitional Clustering (simple
K-medoids), DHC stands for Divisive Hierarchical Clustering and DAHC-f is
our Divisive-Agglomerative Hierarchical Clustering with factor of re-clustering
f . In the experiments, we use values ok that are multiples of 5, and we report
results usingf 2 f 0:05; 0:1; 0:2g. High values off lead to high overload in the
0 ine creation of the hierarchical structure. We provide re sults for GCH, CCV,
and BIC image descriptors. We show e ectiveness loss and pfarmance gain
results with respect to the linear search over the entire da& sets using each of
the image descriptors presented earlier.

Tables 1(a) and 1(b) show the reference values for the averagprecision and
average number of image comparisons to obtain the top 30 imas for each
query. Figures 4 to 6 show the e ectiveness (small) loss and grformance gain
results for DAHC with respect to linear scan, partitional cl ustering, and divisive
hierarchical clustering approaches.

(@) (b)

BIC |GCH |CCV Corel RRSets| FreeFoto
Corel RRSets|53.0%(41.8%40.7% 21,000 48; 000
FreeFoto 68.1%055.3%(59.9%

Table 2. (&) Average pop 30 USiNg linear scan for each image descriptor. (b) Number of
image comparisons using linear scan (which is independent ¢ the image descriptors)

Clearly, DAHC is more e cient and more e ective than using ei ther a
divisive-hierarchical-only or partitional-only cluster ing approach, and (2) it im-
proves search time by up to two orders of magnitude while incaring in small
loss of e ectiveness (typically 5-15%) regardless the dataase and the image
descriptors when compared to the full linear scan of the datasets.

For instance, for the Corel RRSetsdatabase and using the BIC image descrip-
tor (Figure 6), DAHC, with factor of re-clustering f = 0:2 and k = 140 clusters,
yields about 2.4% of e ectiveness loss with respect to the filillinear scan of the
database. However, this is a small loss when compared to itsaency gain. For
this same con guration, DAHC is 20 times faster than the full linear scan of the
database and about 10 to 15 times faster than partitional clstering or divisive
hierarchical clustering approaches.

We have found that there is a trade-o betweenf and k in order to produce
good results (both in e ciency and e ectiveness). On one hard, if we increase
k, i.e., the number of clusters, we increase the number of redued operations
to perform a retrieval given that we have more representatie elements to take
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into account. On the other hand, if we increase the value of , i.e., the factor of
re-clustering, we smooth the re-clustering stages and, caequently, improve the
overall e ectiveness results. Nevertheless, if the valuefd becomes higher, we in-
crease the o ine overload when creating the hierarchical stucture. Throughout
experiments, we have found thatf = 0:2 is a good trade-o for o ine e ciency
and online e ectiveness. Thef =0:2 value means that for each clustering task,
we have a factor of re-clustering of 20% of the elements undearonsideration. In
each stage, 76 k < 140 is a good choice fok.
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Fig. 4. E ectiveness loss (left) and performance gain (right) for G CH descriptor with
respect to linear scan.

6 Conclusions

In this paper, we have presented a new exible cluster-and-sarch approach for
Content-Based Image Retrieval that is able to reuse any prewusly proposed
image descriptor as long as a suitable similarity function $ provided. For that,
we have proposed aDivisive-Agglomerative Hierarchical Clustering approach
(DAHC) that organizes the clusters in a tree that can be then traversed e ciently
using the similarity function associated with the chosen inage descriptors.

We have provided several experiments showing that our techique is suitable
for CBIR and that it reduces the number of required operations to perform
a retrieval and still provides good e ectiveness when compeed to partitional
and divisive hierarchical clustering approaches and alsod the full linear scan of
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Fig.5. E ectiveness loss (left) and performance gain (right) for C CV descriptor with
respect to linear scan.

the data set. The e ectiveness small losses are acceptable practical situations
given the orders of magnitude reduction in the number of reqired operations in
each retrieval task.

DAHC relies on the choice of two factors: the number of clustes k and the re-
clustering factor f . On one hand, if we increasek, we improve the e ectiveness.
However, high values ofk lead to more required operations in order to perform
a retrieval. On the other hand, high values off improve the re-clustering stage
and the online e ciency. Notwithstanding, the greater f the greater the overload
in the oine creation of the hierarchical structure of the da tabase. In addition,
we have provided a formal proof of DAHC's convergence.

Finally, although unsubstantiated here, it is conceptually possible that
DAHC can be used within other domains, such as textual information retrieval.
Our future work include the application of our method for text retrieval and in-
dexing using the state-of-the-art text descriptors in the literature. Furthermore,
we intend to validate the method on a web-scale CBIR environnent such as one
containing several thousands of images.
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