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Hierarchical Browsing and Search of Large Image
Databases

Jau-Yuen Chen, Charles A. Boum&enior Member, IEEEand John C. Dalton

Abstract—The advent of large image databases (>10000) hasqueries often tend to become trapped among a small group of
created a need for tools which can search and organize imagesyndesirable images.
automatically by their content. This paper focuses on the use of  gyq\ysing environments offer an alternative to conventional

hierarchical tree-structures to both speed-up search-by-query and . .
organize databases for effective browsing. search-by-query, but have received much less attention. In gen-

The first part of this paper develops a fast search algorithm €ral, a browsing environment seeks to logically and predictably
based on best-first branch and bound search. This algorithm organize the database so that users can find the images that they
is designed so that speed and accuracy may be continuouslyneed.
traded-off through the selection of a parameterA. We find that Recently, several researches have applied multidimensional
the algorithm is most effective when used to perform approximate l MDS) to datab b ina b L t
search, where it can typically reduce computation by a factor of S |ng_( _) 0 atanase row_smg Yy mapping images onto
20-40 for accuracies ranging from 80% to 90%. atwo d|mens|0na| plane. MaCCUIEIl] al. [2] Used MDS to or-

We then present a method for designing a hierarchical browsing ganize images returned by queries while Rubeteal. [3] used
environment which we call a similarity pyramid. The similarity ~ MDS for direct organization of a database. However, existing
pyramid groups similar images together while allowing users to MDS methods tend to be computationally expensive to imple-

view the database at varying levels of resolution. We show that tand d ti hi hical struct the dat
the similarity pyramid is best constructed using agglomerative ment and do not impose any hierarchical structure on the data-

(bottom-up) clustering methods, and present a fast-sparse clus- base.
tering method which dramatically reduces both memory and Yeung et al. studied the application of clustering methods

computation over conventional methods. to the organization of video key frames [4], [5]. Their method
Index Terms—Browse, image database, pyramids, search, trees. iS particularly interesting because it utilized complete-link ag-
glomerative (bottom-up) clustering to organize the image key
frames. The complete-link clustering was practical in this ap-
plication since the number of key frames was relatively small.
N RECENT years, there has been a growing interest More recently, Milaneset al. have applied heirarchical clus-
developing effective methods for searching large imadering to organize animage database into visually similar group-
databases based on image content. The interest in image se@g$ [6].
algorithms has grown out of the necessity of managing largeZhang and Zhong [7] proposed a hierarchical self-organizing
image databases that are now commonly available on remowap (HSOM) which used the SOM algorithm to organize a com-
able storage media and wide area networks. The objectivepigte database of images into a two-dimensional (2-D) grid. The
this paper is to present hierarchical algorithms for efficientl§esulting 2-D grid of clusters was then aggregated to form a hi-
organizing and searching these databases, particularly wiggarchy. Anicon image was then assigned to each node to pro-
they become large (>10000). vide a useful browsing tool. However, a serious disadvantage
Most approaches to image database management haf/80OM is that it is generally too computationally expensive to
focused on search-by-query [1]. These methods typicaipply to a large database of images.
require that users provide an example image. The databask addition to being useful for search-by-query, fast search
is then searched for images which are most similar to tlagorithms are often an essential component of image database
query. However, the effectiveness of search by query can @ganization and management. The typical search problem re-
questionable [2]. First, it is often difficult to find or producequires that one find th&/ best matches to a query image from
good query images, but perhaps more importantly, repetitidedatabase aV images. Most search algorithms work by first
extracting ak dimensional feature vector for each image that
contains the salient characteristics to be matched. The problem
_ _ _ _of fast search then is equivalent to the minimization of a dis-
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Perhaps the most widely studied method for speeding misase with varying levels of detail. At top levels of the pyramid,
imum distance search is the k-d tree [13]-[15]. A k-d tree Bach image is a representative example of a very large group
constrained to have decision hyperplanes that are orthogonabtooughly similar images. At lower levels of the pyramid, each
a coordinate axis. This orthogonal binary structure can severatyage represents a small group of images that are very similar.
limit the optimality of the tree particularly wheR > log, N, By moving up or down the pyramid structure, the user can ei-
which is usually the case since, in practice, long feature vectdingr zoom out, to see large variations in the database content, or
are important for achieving good matches. zoom in, to investigate specific areas of interest. We propose a

One of the earliest treatments of hierarchical algorithntpiality measure for the pyramid organization which we dasi
for fast search is by Fukunaga and Narendra [16]. This papmrsion and use this measure to evaluate various approaches to
applies the triangle inequality to the problem of branch am/ramid design. Finally, we note that the image browsing envi-
bound search on tree structured clusterings formed using tbements described in this research can be adapted for specific
K-means algorithm. Importantly, Fukunaga combines ttsmarch tasks through the use of relevance feedback [22], [23].
branch and bound technique with depth-first search to locate
the optimal solution. More recently, Roussopouétsal. [17], II. GENERAL APPROACH ANDNOTATION
White and Jain [18], and Kurniawatt al.[19] have considered
similar approaches for image database search.

In this paper, we present the following tools for managin
large image databases.

Let the images in the database be indexetl &y5, whereS
is the complete set @f images. Each image will have an associ-
ted feature vectar; € IR” which contains the relevant infor-
. . ation required for measuring the similarity between images.
* Afast se_arch algorithm W_h'Ch can perform exact searc urthermore, we will assume that the dissimilarity between two
ormore importantly, can ylgld speeq-ups 0f 2040 for ap, agesi andj can be measured using a symmetric function
proximate search accuracies ranging from 80% to 90 0z, 2;). We will use a feature vector based on color, edge
[20]. ' . . . . ._and texture image characteristics as described in the Appendix.
* Ahierarchical browsing environment which we call aSIMyore generally, the feature vectors could represent other data
R ﬁ;pes, such as audio, but we will only consider images in this
similar images are located nearby each other [21]. paper. Experimentally, we have found thatiannorm works
The key to both these methods is the use of tree structugg, Il for many feature vectors, but we only assume #fat, = ;)
database organization. We discuss two distinct approachesgtg metric, and therefore obeys the triangle inequality.
constructing these trees: top-down and bottom-up. While theTyee structures will form the basis of both the search and
top-down methods are well suited to the fast search problegowsing algorithms we will study. The tree structures will hier-
the bottom-up methods yield better results for the browsing agrchically organize images into similar groups, thereby allowing
plication. Unfortunately, the conventional bottom-up methodsiher a search algorithm or user to efficiently find images of in-
require N> memory and computation. To address this problefgrest. LetS denote the set of all tree nodes. Each node of the
we propose a fast-sparse clustering method which uses a spgs€; < ¢ is associated with a set of imag€s C S and con-
matrix of image distances together with the fast search alg@ins a feature vectar, which represents the cluster of images.

rithm to dramatically reduce both memory and computation resenerally,z, will be computed as the centroid of the image fea-

quirements. o _ tures in the cluster. The number of elements in the cluSter
Our fast search algorithm is based on a best-first branch ggl pe denoted byr, = |C,|. The children of a node € S

bound search strategilhe best-first searchis in contrast to theyi|| e denoted by:(s) C S. These children nodes will parti-
depth-first branch and bound strategies of many previous studigs the images of the parent node so that

[16]-[19]. The best-first approach is optimal in the sense that it

searches the minimum number of nodes required to guarantee o, = U ..
that the best match has been found. But perhaps more impor-
tantly, the best-first strategy results in excellent performance

when an approximate bound is used to reduce search compHe leaf nodes of the tree correspond to the images in the data-
tation. In fact, we introduce a method to continuously trade-affase; so they are indexed by the SgtEach leaf node contains
search accuracy and speed through the choice of a paraknetef single image, so for alle Sy, 7z = z; andC; = {i}.

For typical image search applications, this approximate search

method yields a much better speed/accuaracy tradeoff than exa¢t T op.DowN AND BOTTOM-UP CLUSTERING ALGORITHMS
search methods. . . .

Our browsing environment uses a similarity pyramid to rep- This section describes top-down and bottom-up methods for
resent the database at various levels of detail. Each levelcgfistructing trees. Each method will serve a useful role in data-
the similarity pyramid is organized so that similar images aR&se organization. While many well known methods exist for
near by one another on a 2-D grid. This 2-D organization &omputing top—down trees, conventl_onal bottom-up clustering
lows users to smoothly pan across the images in the datab&8@thods require too much computation and memory storage to

In addition, different layers of the pyramid represent the datB€ useful for large databases of images. _
In Section 1lI-C we will introduce a fast-sparse clustering

1The best-first branch and bound search is very similar to traditigihal a_\lgorlthm which |mplem_ents the _standard ﬂex'b'? agglome_ra-
search, but uses a slightly different formulation of the cost functional. tive (bottom-up) clustering algorithm [24], but with dramati-

réc(s)
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cally reduced memory and computational requirements. We will Since the distance matrix is assumed symmetkic,= d;;
then use the fast-sparse clustering algorithm to design the imé&ga symmetric matrix, and only its upper triangular compo-

browsing environments of Section V. nent need be stored. In order to simplify notation, we will as-
sume that the notatiot;; refers to the unique entry given by
A. Top-Down Clustering dmin(i,j),max(i,j)- USiNg these conventions, the general algo-

Top-down methods work by successively splitting nodes §thm for agglomerative clustering has the following form.
the tree working from the root to the leaves of the tree [25]. We 1) S «— {0,1,---,N — 1},
will use thek -means [26] or equivalently LBG [27] algorithms ~ 2) For each(z, j) € 5% computed;; «— d(z;,z;);
to partition each node of the tree into i children, thereby  3) Fork = N to 2N — 2 {

forming a K%Y tree. The following describes thi€-mean al- @) (i*,5*) = arg ming jyesz dij
gorithm for partitioning the clustef’ C S into K sub-clusters (b) SetCy, — O+ U Cj- andny, «— ni- + nj-
{Cr }ree(s) USING! iterations. (€ S —{S—{i*} - {i*}} U {k}
(1) Randomly seleck” members{qy, - - -, qx } from C. (d) Foreachh € S — {k},
(2) Forl iterations{ computedps — f(dni, dnje, dij=, mop, 17, 1)
(@) Forr =1to K, e
C.—{z € C:d(z,q,) < d(z,q;)forj #r}. The specific type of agglomerative clustering is defined by the
(b) Forr =1to K, choice of the functiory(-) in step 3(d) of the algorithm. Lance
g « centroid(C,.). and Williams proposed the following general functional form
1. for f(-) because it includes many of the most popular clustering

Here, we have allowed for a slight generalizationfofmeans Methods [24]
in which the centrqd can be _C(_)mputed in one of three possible dig, = cydn; + apdny + Beiy — | dni — dn;]. (4)
ways: mean, median, and minimax.

Here,«;, «;, B, andy are coefficients which depend on some

Mean: ¢, = L Z Ts (1) property of the clusters. Table | lists the particular choices of
|Cr| s€C, these coefficients for a number of standard clustering algorithms
Median: [g.]; = mediancc, ([z:]:) 2 [25], [29].
o Some clustering methods are said to be dilating if individual
Minimax: g, = arg mqin {gcl‘g( d(q, JCS)} (3)  elements not yet in groups are more likely to form nuclei of new

groups. Although this tends to produce “nonconformist” groups
Here, [¢.]; refers to theith component of the vectog.. of peripheral elements, dilating methods have the advantage that
Top-down tree growing using theé{-means algorithm is they produce more balanced trees. So for example, complete
quite efficient since each cluster is split independently of tHik clustering is dilating, and therefore tends to create balanced
others. However, the tree is usually too deep to be useftges; while single link clustering is known to create very deep,
for browsing. To enforce a balanced tree, we add a criteriambalanced trees.
|C..| < [(N/K)], to step 2(a). For a balanced tree, the compu- We will focus our attention on the flexible clustering algo-
tation is of orderV K1 whereN is the number of pixelsk is  rithm of Lance and Williams [24] which uses the update rule

the number of splits per node, aihds the number of iterations. 1-8 1-8
Notice that this is linear inV. dni, = Tdhi + Tdhj + Bd;; (5)
B. Bottom-Up Clustering wheref3 is a parameter taking on values in the sét< 3 < 1.

We are particularly interested in the cg3e -1 since this is
fée maximally dilating case which generates the most balanced
jees. For this case

While top-down clustering is fast, it tends to produce po
clusterings at lower levels of the tree. This is not surprising sin
once an image which is placed in an undesirable cluster it
constrained to remain in that branch of the tree. For this reason, dnge = dpi + dp; — dij. (6)
bottom-up clustering seems to offers superior performance for
browsing applications [28]. i

Conventional bottom-up (agglomerative) clustering algd=: Fast-Sparse Clustering
rithms work by first forming a complete matrix of distances For a database withV images, standard agglomerative
between the images and then using this matrix to sequentiallystering requires the computation and storage offan
group together elements [25], [29]. Lét; = {i}, be the N proximity matrix, [d;;]. For most image database appli-
disjointed clusters each of sizg. The proximity matrix[d;;] cations, this is unacceptable. In order to reduce memory and
defines the pairwise distances between clugtarsly. Initially, computation requirements, we propose a fast-sparse clustering
the proximity matrix is set equal to the distances between thigorithm based on the flexible clustering of the previous
imagesz; andx;. Each iteration of agglomerative clusteringsection. This method uses a sparse proximity matrix containing
combines the two clustersandy, with the minimum distance. the distances between each imagend itsM closest matches.
The new cluster formed by joiningand is denoted by:, and The M closest matches will then be computed using the fast
the distance fronk to each of the remaining clusters is updatedearch algorithm of Section V.
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TABLE |
TABLE OF RECURSION COEFFICIENTS FORSTANDARD PAIRWISE AGGLOMERATIVE CLUSTERING ALGORITHMS

Clustering method o, aj ] [E] v | Effect on space

Single Link 3 i 0 —3 | Contracting

Complete Link % z 0 5 | Dilating

UPGMA ﬁ_’n—] ETZ'—Jn_] 0 0 | Conserving

WPGMA 3 : 0 0 | Conserving

UPGMC ey v - (n:iir:; "k 0 | Conserving

WPGMC % % —% 0 | Conserving

Ward’s m’jj;’f'_hnh n:jf;i"nh ity | 0 | Dilating

Flexible 1;;3 1_;@ 8 0 | Contracting if 8 > 0,
Dilating if 5 < 0

For each imagé, we will only store the entries;; wherej is  index of thejth closest match to image Then the distance to
one of theM best matches to image This will form a sparse the A{th closest match is
matrix with VAL entries. The disadvantage of this sparse matrix
is that the conventional update equation of (6) can no longer i = (T, T (i)
be applied because of the missing entries. For example, when ) _ )
combining clusters andj to form the new clustek, we must 1N required lower bound is then given by
recomputedy,; the distance betweenand every other cluster .
h. Unfortunately, the update equation of (6) can not always be dii = Z Z v,

computed because the termg andd;,; may be missing from meCy ned;

the sparse matrix. Note that the tedip must be available since > Z Z max (7, )

itis chosen as the minimum distance term in the matrix. In order meC, neC;

to address this problem, we will replace the missing terms with

the estimatesl,; anddy,; when needed. The new update rule > max < S0 e > >, m)

then becomes mcCy, nCC; mcCCy, nCC;
dni + dhj — dij, if both dy,; and = max <nZ Z Ty Ton Z T")

dy; are available mech nec;
oy = dpi + dij — dij, ?f dpi i.S mi.ssi.ng %) where the second inequality results from Jensen’s equality and

dni + dn; — diy, if dp; is missing the convexity of thenax(-, -) function, andn; is the number of
Do not compute  if both d; anddy; elements in cluster. This yields the final approximation

are missing.

5 A
Notice that if both entries are missing, then the updated distance dni = max <”z Z Tm, h Z 7’n> (10)
is not entered into the sparse matrix. meCy, n€eC;
_ The question remains of how to compute an estimated enffy,ore the summation terms may be recursively computed as
dy,;- Consider a modified clustering algorithm which uses the, 1 of the clustering algorithm. Fig. 1 shows the complete
recursion sparse clustering algorithm wheeis the set of sparse entries

. - - of each image, and the setS x S; = {(¢,4): ¢ € S and

Ay = dpi + dn; (8) jes;). Section IV will define a fast algorithm for computing
) i the M closest matches to an image. This algorithm can be
in place of the recursion of (6). For the same clusteendk, | seq to efficiently compute the entries of the sparse matrix. We
this modified recursion would over estimate the true distanGgyte that the fast search algorithm of Section IV requires the
.8, dpi < dy,. However, this recursion has the advantage thghnstryction of a top-down tree. However, since the top-down

the solution may be expressed in closed form tree design can be done very efficiently, this does not present
an excessive computational overhead. The general approach to
dig = Z Z d(Z, Tr). (9) fast-sparse clustering is then
meC;, neCy 1) construct a tree using the top-down method of Sec-
tion 1lI-A;
We may use (9) to approximate the missing tekmof (7). We 2) construct the sparse distance matrix using the fast search
do this in terms of the quantity;, the distance between image algorithm of Section IV together with the top-down tree;

and itsMth closest match. More specifically, let, j) be the 3) apply the sparse clustering algorithm of Fig. 1.
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1. S«{0,1,--,N -1}
2. Foreachie § {
(@) i = d(@i, Trgi, )
(b) S« {m(i,1),---, (i, M)}
(c) For j € S;,
compute d;; < d(z;, z;)
}
3. Fork=Nto2N -2 {

(a) (#",5*) =arg min dy 0J0J616J610]¢10
(4,) €SXS; 0, (M

(b) Set Cx <= Ci» UC+; Npp = Ngm +Njn; T 4 Tyr + T4
(¢) S = {S—{i"} = {71} U {k} YOOOEIOVE
(d) Si — S USj* (b)
(e) For each h € S,

apply equation (7) with dp; = max (nyry, , nir;) Fig. 3. All four partitions of a binary tree node= 1. (a) Original binary tree
} with root nodes = 1. (b) The nine unique partitions of the nosle= 1. Each

partition contains four or less nodes that partition the original node.

Fig. 1. Algorithm used for flexible clustering with sparse distance matrix. - . . . .
9 9 9 P be of orderN® which is not acceptable for our application.

Column Header Therefore, our approach is to map the binary tredstt¥ trees
L EZEJ E3E' l:fil A E%I in a manner that minimizes a cost criteria. We are particularly
X X C | interested in the quadtree cade = 4) since this will be im-
1 Tttt TTAT : portant for the browsing application of Section V.
ZEE!*'Eé---*I"-E ___-_—},D'a Let P C S be a set of nodes in the binary tree. We say hat
[}

is a K partition of C, if P containsK nodes, and

fe |
s - f ]
D C, = C.

Header /53 e e o

h=C. n ¢ forallrle Pwithr #1.

i[B

j[:.E Let P(s, K) denote the set of all possible partitions wihor
i lessnodes

NEH—

P(s, K) = {P: Pis a partition ofs with K or less nodes
Fig. 2. Data structure used for storing sparse matrix for clustering. Both rows

and columns have the structure of linked lists. Dark lines are used for links alopiiy. 3 shows all four partitions of a binary tree node labeled as
columns, while doted lines link rows. Each case represents one of the four updsatg 1. Each of the nine possible partitionings contains four or

possibilities for (7). ] . >
less nodes which contain all of the elements in the root node.

Fig. 2 illustrates the sparse matrix data structure that we use forf N€ binary tree may then be transformed W& tree by
the clustering. The sparse matrix is upper triangular and ha¥/@rking from the tree’s root to its leaves. Each nededirectly
linked list structure along both its rows and columns. Both ifEonnected to the optimal set of partition nod&swhich mini-
sertions and deletions of elements can be made as with a cBiZe & cost function subject to the constraint tRat P (s, K).

ventional linked list, but with link pointers along both rows andf Order to minimize tree depth, we use the maximum number
columns. For any specific imagethe stored values af;; can of elements in the children nodes as the cost function. That is
. 7

be found by scanning down thith column and then across the . )
ith row. We will refer to this list of entries as tfith row-column. Pr= PP K) {Ijnerlﬁ ”J} (11)
In practice when clustersandj are merged (assumie< j),

the new clustek is stored along the row-column previously conWheren; = |Cjl.
taining cluster, and the row-column correspondingtas re-

moved. The figure illustrates the four possible cases required for

the update of (7). For case A, both elements are present. The re=ast search is a basic need in applications that manage large
sult of (7) is stored inl»;, and the entryl; ; is deleted. For case image databases. The general problem is to findithéest

B, the elemend; ; is missing; so it must be computed usifig. matches to a query image (or feature vector) provided by a user.
The result of (7) is then stored ify ;. For case C, a new entry The objective of these algorithms is to find thédebest images
must be inserted into locatiafy ;, and the entry af3 ; must be in less time than is required to do a full linear search of the data-

IV. FAST SEARCH

removed. For case D, nothing is done. base. Such query activities are likely to be an essential task for
. _ managing large image databases, but in addition we showed in
D. Binary to Quadtree Transformation Section 11I-C that the fast-sparse clustering algorithm requires

One limitation of pairwise clustering algorithms is that thefast search to efficiently construct the sparse matrices.
can only generate binary tree structures. In principle it is pos-In the following section, we present a method for either
sible to generaté& >V trees, but the algorithms to do this wouldapproximate or exact search which exploits a hierarchical tree
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1. s* = root Fukunaga and Narendra suggested using the triangle in-
2. 0 ={s} equality to the distance metrif{q, ;) to provide the required
3. NodesSearched « 0 lower bound [16]. Define the radius of nodes
4. While s* is not a leaf node {
(a) @ (Q-{s"})Uc(s") R, = max d(z;, 2,)
(b) NodesSearched + NodesSearched + |c(s*)| iCCs
(c) s"« e s 4 wherez, is the code word associated with nodandz; is the
t feature vector of an image contained in leaf nédehen for all
i€ C,
Fig.4. Algorithm used for both best-first search, and branch and bound search.
d(g,x;) > d(q, zs) — d(z;,25)
structure. Our method couples a best-first implementation > d(q,2s) — Rs.

a top-down tree of Section IlI-A to substantially reduc sing this inequality, we propose a general form for the cost

of branch and bound search with the structure imposed g\/
computation. unctiond,

d, = d(q,2,) — AR,
A. Best First Search
Standard search methods for tree structures transversev\m\f/ rheo f i Sltlhls a conr?t.ant. teed 1o vield th i
rectly from the root to a leaf of the tree choosing the branch ena = € search 1s guaranteed to yield the optimum
which minimizes distance between the quenand the cluster solution. However, thisbound is oftentoo conservative. Asmaller

centroid,z,, at each point. However, this search strategy is ng{;llue of\ is often desirable since it can dramatically reduce the

optimum since it does not allow for back tracking. ”“mb.ﬁr of ?r?dt?rS\ t?ﬂt?_e fsearc?ed Wh'l.e rettamlng ?]QOd accure]}c?/.
Fig. 4 shows the algorithm used for best first search of treffe Will see thatthatthis form ofapproximate search s very usefu

[30]. Best first search works by keeping track of all nodes Whic%nd yie.Ids inamuch better accuracy/speeq tradeoff then existing
have been searched, and always selecting the node with nft proximate search methods such as epsilon search [32].

imum cost to search further. While best-first search is greedy, it h_en)\ < 1t:1he accuracy ca(ljn b %ltrrr:proveld bty setircgln% Ior
does allow for backtracking. For the moment, we do not speci Ore images than are required and then selecting the best from

how the costd,, is computed for internal nodes of the treel10S€ that are returned. For example, if the user requests the ten

However, for leaf nodes it will always be computedds— most similar images, these ten images can be selected from the

d(q, z;). The minimization within the while loop of Fig. 4 may 20 best images found using the approximate branch and bound

be efficiently implemented using a data structure known assgarch. This strategy can slightly improve the accuracy/compu-

heap [31] to keep track of the smallest current cost node. fftion tradeoff.

sertions and deletions from a heap can be donelagn time

wheren is the number of entries. However, heaps can be very ef- V. DATABASE BROWSING

ficiently implemented, so for practical cases the computationalin this section, we propose a structure which we call a sim-

cost is dominated by the evaluation of the cost functidns ilarity pyramid that allows users to move through the database

Therefore, the total computation is assumed proportional to tifea natural manner that is analogous the the evolution of com-

variable NodesSearched. puter search algorithms such as branch and bound. The simi-
The extension fok -nearest neighbor search is quite straightarity pyramid is created by mapping each level of a quadtree

forward. Since the best first search allows backtracking, we canto an 2-D grid to form a level of the pyramid. The pyramid

simply change the exit condition of while loop from the first leafliffers from the quadtree in two important respects. First, each

node to thekth leaf node. node of the pyramid represents a specific location on a 2-D grid.
Therefore, the data can be presented to a user as a flat 2-D array
B. Branch and Bound Search of objects, allowing the user to pan across objects at a fixed level

Und . dit best-fi hi dof the pyramid. Second, the position of elements at different
nder certain conditions best-first search is guarantee Igi)/els of the pyramid have a well defined spatial registration.

find the minimum cost solution. More spemﬂcally,g_ifs 'S @ This allows users to move up and down through levels of the
lower bound on the cost of all leaf nodes that are its desc?%-

o ramid while retaining relative orientation in the database.
dants, then this is branch and bound search [30] and the soluti ¢

) - r&ig. 5illustrates a simple example of a similarity pyramid and
Erg;:rrg/n:ﬁ:td o be the global minimum. Thgrmust have the its associated quadtree. Fig. 5(a) shows three levels of a quadtree

corresponding téd = 0, 1 and 2. Each node represents a cluster
) of images in the database with the leaf nodes representing in-
d, < Zlglcn d(q, ;). dividual images. Fig. 5(b) shows level= 1 of the similarity
pyramid while Fig. 5(c) shows levél= 2. At level ] = 1, each
A loose lower bound will result in a full search of the tree, but eluster is represented by a single icon image chosen from the
tight lower bound will result in an efficient search which followscluster. For node, we constrain the icon image to be one of the
a direct path to the optimum node with little backtracking.  four corresponding icon imagesiat 2. This is useful because



448 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 9, NO. 3, MARCH 2000

1=0

1=2

a

Fig. 5. This figure illustrates how nodes are mapped from the quadtree to the similarity pyramid. There are 24 possible mappings of four chiltiréounodes
pyramid nodes. The mapping is chosen to maximize spatial smoothness in image characteristics.

------ » Inter-cluster cost

— Intra-cluster cost

to organize images in the pyramid. The neighbor nodes are atlefethe
pyramid, while the children nodes are at lelel 1.

§ — Neighbor node '
1
€ - Child node ; '
[ ]
)
] h g 1 1 [T
H 1
i
Fig. 6. This figure illustrates the inter-cluster and intra-cluster cost terms used O :
1 ! i
:

Dmn=311

it allows a user to keep relative orientation when moving b&ig. 7. This figure illustrates the distance measured between two images in
tween levels of the pyramid. The specific icon image is choséﬂ? similarity pyramid. Th‘e d!stance is an asymmetric function because it is
.. . . easured relative to the first image.
to minimize the distance to the corresponding cluster centro%,
zs where the cluster centroid is computed using the mean com-
putation of (1).
Notice that the mapping of the quadtree to the pyramid is not
unique since each group of four child nodes can be oriented in
24 = 4! distinct ways. i
Fig. 13 shows an example application for browsing through
the similarity pyramid. For a large database, even upper levels
of the pyramid will be too large to display on a single screen.
Ther?fore' the user can mov_e along ther Y dlr_ect|0ns Ina Fig. 8. An example of a dense packing of theclosest matches to image
panning motion to search forimage clusters of interest. If a Sp@w 17 images are arranged in a diamond shape such that the physical distance
cific cluster appears to be of interest, then the user can choos@1e.,., is nondecreasing with respectito.
move down to the next level by “double clicking” on a cluster.
The next level of the pyramid is then presented with the corréend to place a substantial number of images into inappropriate
sponding group of four children clusters centered in the vielusters midway down the quadtree. These misplaced images
Alternatively, the user may desire to backtrack to a higher levale effectively lost in the same manner that a miss-filed book
of the pyramid. In this case, the previous level of the pyramidisay be lost in a large library. Since bottom-up pyramids
presented with proper centering. have better clustering at lower levels, this miss-filing effect is
We will primarily use the fast-sparse clustering algorithm gfubstantially reduced.
Section [lI-C to build the similarity pyramid. The fast-sparse . )
clustering algorithm requires computation comparable & Quadiree to Pyramid Mapping
top-down clustering algorithms, but we have found that it In this section, we describe our method for mapping nodes of
produces better results. This is because top-down pyramite quadtree to nodes of the similarity pyramid. This mapping
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2 Speedup w.r.t. heuristic ratio (fanout=10) Accuracy w.r.t. heuristic ratio (fanout=10)
10°¢ . T r . 1 . —= : :
NN ——  MEAN ook yas ——  MEAN
RN ---  MINMAX ’ S === MINMAX
NN e MEDIAN - ’, e MEDIAN

o8t ,

speedup
S

0.2 0.4 06 0.8 1 0 0.2 0.4 0.6 0.8 1
lambda lambda

(a) (b)

Fig. 9. Speed-up and accuracy of search veksisach plot is for a different cluster centroid. (a) Notice that the minimax centroid gives the best speed-up for
exact search at = 1. (b) However, the minimax centroid gives uniformly poorer accuracy over a wide range »&01<

is performed starting at the root of the quadtree and moving to Speedup w.rt. Accuracy (fanout=10)

its leaves. o . — MEAN
Let s be a node in the quadtree which has been mappedtoa %[
node of the pyramigh. The problem is then to find a suitable 80r
mapping from the children of the quadtree nodgs), to the 7ok
children of the pyramid node(p). In general, we would like to sol
choose the mapping that produces the smoothest spatial varia- S
tions in clusters. To do this we select the mapping that minimizes § %°7
a total cost function a0}
30+
Total Cost= Einter + Eintra + Eextern (12) 20f
where the three terms represent inter-cluster, intra-cluster, and or )
external costs in node placement. Fig. 6 illustrates the depen- s 08 07 08 09 1
dencies of terms in the inter-cluster and intra-cluster costs. The acauracy

inter-cluster terms depend on the similarity of a child node ar&d . .
. . . . 1. 10. Speedup versus search accuracy. This plot shows that over a wide
its neighbors at the coarser scale, while the intra-cluster terpaye of search accuracy the mean and median centroids are preferable to the

are only between sibling nodes at the same scale. Since therémax.
are at mos24 = 4! mappings, this optimization can be quickly
solved. Here d(z,,z;) measures the dissimilarity between the two
In order to precisely define the three cost terms, the positichuster centroids as defined in Appendix A. Notice that/ifp)
of each node must be specified. The nonnegative intégersd  is empty, then this cost term is zero. H8f,., the cost terms
jp denote the position of the pyramid nogden a discrete 2-D are computed between elements:Qf)
unit grid. The four children of the pyramid nogénave the, j . . . .
posigons by f <4) Eipira = Z Z non <|Z7’ — o + | — ]s|>
e e d(zr, 2s)

rec(p) s€e(p)

{(24p,25p), (24p+1,25p),(24p, 25p+1), (24p+1,2p+1)}.  The external cost term is used to account for desired attributes of
_ ) _ the clusters organization. For example, we choose the following
The inter-cluster and intra-cluster costs are both defined as sugigns wherdiuc(s) andtezture(s) are defined in Appendix A

of physical distance divided by dissimilarity. Fék,,... these andp,, is the number of images in the parent clugter
terms are betweed(p), the children of node, and N (p), the

four nearest neighbors gpfat the same level of the pyramid Eovtern = ¢ Z n2{is red(z;) + js texture(zs)}.
sCe(p)
Einter = Z Z N The purpose of the external cost term is to break ties when
rCN(p) sCe(p) there is more than one mapping that minimizgs;.,. + Eintre-

|2¢, + 0.5 — i5)| + |24 + 0.5 — 45| Therefore, we choose= 0.0001 to make the external cost rel-
' d(zr, 25) ‘ atively small.
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Speedup w.r.t. Accuracy Speedup w.r.t. Accuracy (fanout=10)
100 T T T T 150 T T T
ook AN —— FANOUT=2 i —— EXTRA=0
O --=  FANOUT=4 --- EXTRA=5
8ok N N —-=-  FANOUT=8 J - - EXTRA=10
S e FANOUT=16 || | ~ EXTRA=20

601

speedup
(3.
?

40F

30r

20+

8.5 0.6 0.7 0.8 09 1 845 0.6 0.7 0.8 0.9 1
accuracy accuracy

(a) (b)

Fig. 11. Speedup versus search accuracy for different tree fan-outs and different numbers of extra returned images. (a) Higher tree fan-ettty yields b
performance, but requires more computation for tree construction. A fan-out of eight appears sufficient. (b) Speed-up versus search adteracyrfantiers
of extra returned images. Returning extra images can improve the speed-up/accuracy tradeoff, but 50% extra returns appears sufficient.

Speedup w.r.t. Accuracy

B. Measures of Pyramid Organization 100 ' . : :

In this section, we introduce a simple intuitive measure of o —— 1iteration
pyramid organization which we call thikspersion The disper- R T i::g:::g:
: . - . . 801 ~ N ) !

sion measures the average distance between similar images in R 20 iteration

the pyramid. Fig. 7 shows how the distanBg,,, between im-
agesn andm is measured. Notice thd®,,,,, # D,,,, because

the images may be at different levels of the pyramid. In general, %
the distance is measured relative to the first image. More for- 8
mally, the distance is computed as
Dy = |in + 0.5 — 2100=1m ;4 0.5)|
+ |jin 4 0.5 — 210154 0.5)
wherel(n) andl(m) are the levels in the pyramid for images 85 o5 57 3 09 1
n andm, and (4,, j,) and (i,,, j») are positions on the 2-D acouracy

grid. Using this definition, the average distance between ima'g_e ,
m and itsM closest matches may be expressed as Ig. 12. Speedup versus search accuracy for different number of LBG

iteration.
Dnﬁ(n m) (13)
NM ; ;_: We will use this measure to measure the quality of a similarity

wheren(n, m) denotes the index of theith closest image to pyramid’s organization.

imagen. Ideally, each image would be surrounded by it/ ¢ |ncremental Insertions and Deletions

closest matches as illustrated in Fig. 8. It may be easily shown_l_h q - datab ft h
that for this case thexth closest image is placed at a distance. e dynamic nature of image databases often necessitates the
insertion of new images and deletion of old images. In the sim-

L(m) = min {k: 2k(k+1) > m} plest case, images may be inserted or deleted from the sparse
k distance matrix, and the similarity pyramid may be rebuilt. This
so the average distance betweeand its}/ closest matches is method saves some computation by using the existing entries in
the sparse distance matrix, but still requires substantial compu-
M . . . .. .
(M) = Z Lim). (14) tf'mon for ea_lch rebuild of the pyrarmd. In add|t_|on,_each inser-
- M tion or deletion generally can result in substantial discontinuous
changes of the pyramid structure, which may not be desirable in
Combining the expression of (13) and the lower bound of (1fharticular applications.
results in a normalized measure of dispersion Alternatively, images can be more efficiently inserted or
N deleted by incrementally changing the existing similarity
Z Z D) (15) pyramid structure. This can be done by first finding the image

Dispersion = ! ] .. .
in the embedded quadtree that is most similar to the image

NMD

n=1 m=1
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Mode Browse —

Semantic Oass

Fig. 13. User environment for viewing a similarity pyramid containing 40 000 images. Each image is an icon for a cluster of images. Buttons allote the use
pan across the database, or move up the pyramid. The user can move down the pyramid by “double clicking” on a specific image icon.

Dispersion virsus first M matches

30 Dispersion virsus first M matches

10 ,
— Flexible s i | — UPGMA
25¢ o éVAREI’t Lk 1 ol - - WPGMA
ompiete Hn L --upGMC  |]
. WPGMC
20} lE - J
8
5 g [ 1
S 8
g ] o
2 2
a 104 | J
10+ 1
5t 1 e
0
. 10 .
10° 10’ 10° 10° 10' 10°
M M
(a) (b)

Fig. 14. Dispersion versu®/ for various bottom-up clustering methods. (a) Flexible, Ward’s, and complete link clustering methods. Among these, Ward’s and
flexible algorithm are the best. (b) UPGMA, WPGMA, UPGMC, and WPGMC clustering methods. All four methods perform poorly.

being inserted. If the parent of this most similar image haructure of the pyramid. Deletions are easily implemented by
less than four children, the new image is added as a siblidgleting leaves of the embedded quadtree structure.

of this most similar image. If the parent of this most similar
image already has four children, a new internal node is created
to replace the most similar image. The new image and most
similar image then become children of this new node. This In order to test the performance of our search and browsing
operation is fast, and does not substantially change the existimgthods, we use a database of 10000 natural images. The

VI. EXPERIMENTAL RESULTS
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Dispersion virsus first M matches Dispersion virsus first M matches
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— Flexible — All four terms
25t ~ - Exact-Sparse Clustering 251 - - Random Reordering

- - Fast-Sparse Clustering == No inter-cluster cost

-+ No intra—cluster cost

n
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T

Dispersion
-
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Fig. 15. (a) Comparison of flexible clustering with full and sparse matrices and fast-sparse method. All three variations of flexible clusteritegmeéorm
similarly. Effect of reordering algorithm. (b) The performance of reordering algorithm using (12) is much better than using random reordedrsioivalthat
the effect of inter-cluster codt;.... and intra-cluster cOsE; .+ -

database contains a variety of images with varying color,
texture and content. Appendix A describes the 211 element _
feature vector that was extracted for each image [33]. Inall | T s Sparse Clustering
cases, thd.; norm was used as the distance metric. -~ - K-MEAN

Section VI-A presents results of search experiments and ex-
perimentally determines the tradeoffs between search accuracy
and speed. Section VI-B presents objective measures of simi-
larity pyramid organization, and shows how these measures vary
with methods for constructing the pyramid. We also apply the
fast search algorithms of Section IV to the problem of pyramid 10r
design, and measure the computational savings of this approach.

Dispersion virsus first M matches
30 T

(]
o
T

Dispersion
-
o

A. Search Experiments

In this section, all trees were designed using a coarse-to-fine 05 ! )
procedure as described in Section IlI-A. Unless otherwise 10 Iy 10
stated, a fan-out of 10 was uséf’ = 10), centroids were
computed using feature means as in (1), and 20 iterations of Hft? 16. Dispersion versus/ for K-means and SOM trees and fast-sparse
K-means algorithm were performed using initial code wordgxible. Apparently, SOM outperform& -means everywhere. The flexible
that were randomly selected from the Corresponding group _raqethod ha_ts bette'r performance for low values\éfwhich seem to be most
. |mp0rtant n practlce.
image feature vectors.

Unless otherwise stated, we selected the ten best image
matches after searching for 20 images (i.e., we searched forigemteresting to note that for = 1 (exact search) the minimax
extra images.) Each plot was then formed by averaging resudentroid gives better speed-up than the mean and median [19].
over a set of 1000 randomly selected query images representifiyvever, the speed-up for exact search is limited to approxi-
approximately 10% of the database. Computational speed-upniately 2 which is much less than can be achieved with approx-
defined as the ratio of the total number of images to the numberate search.
of tree nodes search. More specifically, However, Fig. 10 shows the direct tradeoff of speed-up versus
4 of imagesN Iaccuracy. In this plot it is (_:Iear that f_or even very high accuracy
Lt evels the mean and median centroids substantially out perform
NodesSearched the minimax centroid. In practice, accuracies greater than 90
where NodesSearched is defined in the algorithm of Fig. 4. \dercent are probably not necessary for this application. This in-
note that since the total number of tree nodeg8i5— 1, the dicates that speed-ups of 20—40 are possible with good to excel-
speed-up can be less than one, but this was never observedlent accuracy. Based on these results, the mean centroid seems

A selection Fig. 9(a) and (b) show the speed-up and accpreferable since it is much more efficient to compute than the
racy as a function of the free paramekeiThe three plots illus- median centroid. Fig. 10 also compares the fast search algo-
trate the results using mean, median and minimax centroidstithm to a standard approximate search method knowi-&s)

speed-up=
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Fig. 17. Typical 16 x 16 layout at level 4 for fast sparse flexible algorithm with dispersion slightly higher than average.

search [32]. Thél + ¢) approximate search gives poor perforsparse clustering algorithm, we use a matrix sparsity of 1%, a
mance in this application because it does not exploit the spec#igarch parameter af= 0.1, and a top-down tree fanout 5f =
structure of the problem. 10 constructed with = 2 K-means iterations.

Effects of fan-out and extra retum&ig. 11(a) shows the Fig. 13 shows the user environment for viewing leivet 3
search performance for a variety of different fan-out rates in tloé a similarity pyramid containing over 40 000 images. Each
tree. A tree with low fan-out requires less computation to coimage icon represents a cluster of many images. The buttons in
struct since the computation of the LBG algorithm is of ordehe middle right hand region (labeled up, left, right, down, and
N(fan-ouf(tree depth. However, Fig. 11(a) indicates that azoom) allow the user to pan across the database, or move up
fan-out less than eight can substantially reduce performancethe pyramid. The user can move down the pyramid by “double

Fig. 11(b) shows that searching for extra images can improgkcking” on a specific image icon.
performance. However, the effect is rather weak. This is becausén Fig. 14, we compare the quality of a variety of bottom-up
returning extra images substantially increases the computatiolustering methods. The Ward’s and flexible clustering method
thereby reducing the accuracy/speed-up tradeoff. Fig. 11(b) mith 3 = —1 work the best among these methods, producing
dicates that returning five extra images is sufficient to gain matste smallest dispersion. The four methods UPGMA, WPGMA,
of the benefit. UPGMC, and WPGMC all perform very poorly. Intuitively, this

LBG iteration Fig. 12 shows that LBG iteration can improveis because these conserving algorithms tend to generate very
performance. However, the effect is rather weak after four itedteep trees. This means that on average images will be dispersed
ations. Furthermore, the larger the number of return images, tae away.
smaller the improvement of multiple LBG iterations. Fig. 15(a) compares our fast-sparse clustering to exact-sparse
clustering (i.e. fast-sparse clustering wkh= 1) and standard
flexible clustering. Notice that the fast-sparse clustering gives

In this section, we use the dispersion measure to compassentially the same performance as the much more computa-
various methods for constructing similarity pyramids. In eadipnally and memory intensive algorithms. The fast-sparse clus-
case, we average performance over 20 runs; and for the fasting requires 1% of the memory of the standard flexible clus-

B. Browsing Experiments
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tering algorithm, and it requires 6.6% of the computation of the APPENDIX
exact sparse clustering algorithm to compute the proximity ma- SIMILARITY MEASURES FORIMAGES
trix.

. . . . All images in the database consisted of either 96 x 64 or
Fig. 15(b) illustrates the importance of top-down reordenng4 g

on a similarity pyramid built with fast-sparse clusteringOur
Random reordering yields the poorest performance. It is aléf&d
interesting to note that the inter-cluster caBt,;.,., IS more
important then the intra-cluster cost;,+ .. In Fig. 16, we

compare fast-sparse clustering to top-dodimeans clus- The color feature were formed by independently his-
tering, and the SOM-based clustering described in Appenq%raming the three components;, g andeb of tﬁe

B. Notice that fast-sparse clustering has significantly bett%rIELa*b* color space. We chose the number of histogram bins
performance than SOM over a wide rangeMt In practice, so that the resolution of each bin was approximathF. In
we have found that the dispersion is most important for smal dition, we smoothed the histogram by applying a Gaussian
values of M. Intuitively, images which are “miss-placed” inrglgfjr ker’nel with a standard deviation GfAE. The texture

the database tend to increase the dispersion for these s {ure was formed by histograming the magnitude of the local

values ofM. S.UCh “mlss-plaped" images can be very dlfflcuIimage gradient for each color component. More specifically,
to locate making them effectively lost to a user. Both the resulfs " o ndD. L are defined as the andy derivatives of thel
) A y
of K—mee}n.s and SOM are averaged over 2.0 different rurIc%mponent computed using the conventional Sobel operators.
Not surprisingly, SOM outperform& -means since the SOM ThenT, — \/(D L2 +(D,L?, and T, T, are defined
- T Yy bl as

tmhetfh(od usest |: 64.t(kz1lustars rathertshg&th?.f =4 clgsters of h imilarly. We chose the number of histogram bins so that the
16et' -metf;l]ns a gorlt rtn %vever, also requires rougni¥solution of each bin was also approximately~Z'. The edge
Imes the computation dt-means. feature was formed by thresholding the edge gradient and then

In Fig. 17, we show the 16 x 16 level similarity pyramid built, ., i the angle of the edge for all points that exceed the
using fast-sparse clustering. Notice how the thumbnail ima Seshold

are placed so that images with similar color and texture are spa-
tially adjacent. 0, = arctan(D,L,DyL), T > oy
(Z), T < of.

x 96 thumbnails rescale from the original images. Based on
previous work [33], the feature vectef for image: in-

es the global color, texture, and edge histograms. The dis-
similarity functiond(q, «) is defined as thd.; norm between
corresponding histograms of two images.

The thresholdr;, was computed as the standard deviation of the
L component for the particular image. The value®gfand©,
are computed similarly. We chose the number of histogram bins

. . i so that the resolution of each bin was also approximat8y
We have shown that hierarchical trees and pyramids are V&) extra bin is reserved for the case®f= [J.

effective for both searching and browsing large databases of imyyjith these definitions, we also define some extended features

ages. Generally, top-down tree growing strategies seem {0\j&c can be approximately derived from the histogramed fea-
better suited to fast search, while bottom-up tree growing stra§re vector

gies seem better for browsing.

VIl. CONCLUSION

We proposed a best-first implementation of branch and red(z;) £ C,

bound search which allows us to efficiently search for e bl A
. ; . ue(x;) = Gy

closest images to any query image. Our fast search algorithm -
can be used for both exact and approximate search, but we texture(z;) 2 M
found that approximate search yeilds a much better speed/accu- 3
racy tradeoff for our applications. In fact, even at accuracies of
90%, the approximate search algorithm reduced computation VIIl. SOM PYRAMID CONSTRUCTION

by a factor greater than 25, while exact search only resulted ir\Ne use SOM [34] to create an 8 x 8 grid of clusters that forms

a speed-up of two. gpe pyramid at level = 3. This keeps the computation man
We proposed a data structure called a similarit ramid f L . i
prop uctu imifarty pyrami ble for large databases. As wihmeans, conventional

K . e

browsing large image databases, and we proposed a fast-sp . N

clustering method for building these pyramids efficiently. Th %Fj will create a tree which is too unbalanced, so we apply
e constraint that each cluster must conta¥y64] or fewer

fast-sparse clustering method is based on the flexible agglo Ements. The remaining levels of the ovramid were arown with
erative clustering algorithm, but dramatically reduces memofs ' aining fev pyramid were grown wi
e K-means algorithm. For all our experiments, we used 20 it-

use and computation by using only a sparse proximity matrix .. . : ) ' .
o exploitingpour apprgximat?a bra¥1ch zlaond boﬁnd sea)r/ch al%@ﬂons of SOM with 5 iterations applied each at neighborhood

rithm. We found that the method for mapping the clustering jzesof 7x 7,5x5,3x 3, and 1 x 1.
a pyramid can make a substantial difference in the quality of
organization. Finally, we proposed a dispersion metric for ob-
jectively measuring pyramid organization, and we found that[1] M. Myron Flickner, H. Sawhney, W. Niblack, J. Ashley, Q. Huang, B.
the dispersion metric correlated well with our subjective eval- Dom, M. Sorkani, J. Hafner, D. Lee, D. Petkovic, D_Steele, and P.

) ) e Yanker, “Query by image content: The QBIC systetiEE Computer
uations of pyramid organization. pp. 23-31, Sept. 1995.
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