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ABSTRACT

Recert progressof theoretical studies on compact data struc-
tures (also called \sketches") have raised the question of
whether they can e ectiv ely apply to content-based image
retrieval systems. The main challenge is to derive an al-
gorithm that achieveshigh-quality similarit y seardes while
using very compact metadata. This paper proposesa new
similarit y seardy method consisting of three parts. The rst

is a new region feature represertation with weighted L, dis-
tance function, and EMD* match, animproved EMD match,
to compute image similarity. The secondis a threshold-
ing and transformation algorithm to convert feature vectors
into very compact data structures. The third is an EMD
embedding based Itering method to speed up the query
process. We have implemented a protot ype system with the
proposedmethod and performed experiments with a 10,000
image database. Our results show that the proposedmethod
can achieve more e ectiv e similarit y seardhesthan previous
approacheswith metadata 3 to 72 times more compact than
previous systems. The experiments also show that our EMD

embedding based Itering technique can speedup the query
processby a factor of 5 or more with little loss in query
e ectiv eness.

Categoriesand Subject Descriptors

H.3 [Information = Storage and Retriev al]:

General Terms
Algorithms, Design, Managemert, Performance

Keywords

image similarit y, seard, compact data structures

1. INTRODUCTION

During the past two decades,storage density has beenim-
proving at the rate of (Moore's law curve) doubling about

Permissionto make digital or hard copiesof all or part of this work for
personalor classroomuseis grantedwithout fee provided that copiesare
not madeor distributedfor pro t or commercialadwantageandthatcopies
bearthis noticeandthefull citationonthe rst page.To copy otherwiseto
republisho poston senersor to redistrituteto lists, requiresprior speci ¢
permissiorand/orafee.

CIKM'04, November8-13,2004,WashingtonPC, USA.

Copyright 2004ACM 1-58113-874-1/04/0011.$5.00.

every 18 months. If this trend contin ues, the capacity of a
single disk will reach 1 terabytes in 2007 and 1 petabytes in
2022. Such storage capacity will allow usersto store hun-
dreds of millions of images on a single disk. In order to
managesuch large-scaleimage collections e cien tly, it is be-
coming increasingly important that image retrieval systems
use highly compact data structures.

The main challenge of using compact data structure in
image retrieval is to devisemethods to create and usehighly
compact data structures while achieving image retrieval qual-
ity. The recernt progress of theoretical studies on sketches
has motiv ated us to investigate how to achieve high-quality
and e cien t similarity seardes of image data with highly
compact data structures.

In this paper, we propose a new image similarity seard
method with three componernts, addressinge ectiv eness,com-
pactness, and e ciency issues for whole-image seard in
large-scaleimage collections:

EMD* Match: a more e ectiv e region-based image
similarit y measurethat usesdistance thresholding and
adjusted region weights when computing Earth Mover's
Distance(EMD).

Compact Data Structures: a thresholding and trans-
formation algorithm is designedto convert real-valued
feature vectorsinto very compact data structures. The
weighted L; distance (with thresholding) of feature
vectors can be computed very e cien tly on the com-
pact data structures.

Filtering: an approximate EMD embedding algorithm
is proposedto embed the EMD of region vectors into
sketchesfor images. The sketchescan be usedto lter
out di eren t imagese ectiv ely and e cien tly, reducing
query time substantially .

We haveimplemented the proposedmethod in a prototype
system and evaluated the method with an image database
with prede ned sets of similar images. Our experimental
results show that the proposed method is quite e ectiv e.
The EMD* match is 17% - 76% more e ectiv e than other
region-based image similarity measures. The thresholding
and transformation algorithm can compact feature vectors
into metadata 3 to 72 times smaller than the region repre-
sertations of previous systems while achieving high-quality
similarit y seardes. Finally, we show that our Itering algo-
rithm basedon approximate EMD embedding can speedup
the seard time by a factor of 5 or more with little lossin
e ectiv eness.



The rest of the paper is organized as following: We in-
vestigate related work in Section 2. An overview about our
method is given in Section 3. We then explain our region
represertation and image similarit y measurein Section4. In
Section 5, we explain in details our thresholding and trans-
formation algorithm that generatesvery compact data struc-
tures.The lItering algorithm based on approximate EMD
embedding is proposedin Section 6. Experimental results
are preserted in Section 7. Finally, Section 8 concludesthe
paper.

2. RELATED WORK

2.1 CompactData Structures

Recertly, there has been a lot of work on compact rep-
resertations for data. Here, the goal is to represert data
compactly via a sketchsuc that the sketch can be usedto
estimate somefunction on the original data. For example, a
distance function on pairs of data items could be estimated
by only examining the sketches of the data items. The ex-
istence of such a sketch depends crucially on the function
we wish to estimate. If such a sketching technique exists, it
givesa signi cant saving in storage space(since the sketches
are much smaller than the original data items) as well as
running time. Sketch constructions have beendeveloped for
a number of purposes,including estimating set membership
[5], estimating similarit y of sets [6], estimating distinct ele-
ments and vector norms [1, 12], as well as estimating string
edit distance [4]. It is shown in [8] how sketch constructions
can be derived from rounding techniques used in approxi-
mation algorithms. Many of these sketch constructions can
be viewed as embeddings (approximate distance preserving
mappings) from the data points to points in a normed space
(usually L1 or Ly). Once such a mapping is obtained, known
sketching techniques for L1 or L, can be applied.

We are interested in constructing mappings of images to
bit vectors with the Hamming distance asthe distance mea-
sure (since Hamming distance of bit vectors can be com-
puted very e cien tly). Earth Mover's Distance (EMD) [21]
has been proposed before as a useful metric for image re-
trieval. It has been shown in [8, 14] how EMD on sets of
points in d-dimensional Euclidean spacecan be mapped to
L1 with some approximation. However the quality of ap-
proximation deteriorates signi cantly with the number of
points and the dimension d of the point set. The work of
Indyk and Thaper [14] is related to our compact represen-
tation scheme for images. We note however, two crucial
di erences: 1) Their technique appliesto EMD on points in
Euclidean space. As we discuss later, we will needto use
EMD on a thresholded version of normed distance for which
new techniques are needed. 2) Their methods are designed
for low dimensional point sets since the performance dete-
riorates with dimension d; in contrast, we needto compute
EMD on sets of high dimensional bit vectors. Nevertheless,
we will use some of the ideas of [14] in devising our nal
embedding of imagesinto Hamming space.

2.2 Image Similarity Search

Many techniques have beenproposedfor image similarit y
seardy, as surveyed in [10, 22, 23, 26]. Due to the limited
space, we cannot give an extensive overview here. Instead,
we examine region-based image retrieval (RBIR) methods

that are most related to our work, focusing on region repre-
sertation and region-basedimage similarity measure.

2.2.1 RaionRepesentation

Most RBIR systems use a combination of color, texture,
shape, and spatial information to represert a region. Blob-
world [7] represerts ead region by a 218-bin color histogram,
mean texture contrast and anisotropy, certroid, area, eccen-
tricit y and orientation, which is a very complicated represen-
tation. NETRA [17]also has complicated region represerta-
tion. It quantizes the RGB color spaceinto 256 colors, and

where ¢ is the color code and p; is the fraction of that color
in the region. Texture is represerted by normalized mean
and standard deviation of a set of Gabor wavelet transforma-
tions with dierent scalesand directions. VisualSEEk [24]
extracts salient color regions using a back-projection tech-
nigue and supports joint color-spatial queries. A selection of
166 colors in the HSV color spaceare used. Each region is
represerted by a color set, region certroid, area, width and
height of the minimum bounding rectangle. WALR US [20]
segmers eadh image by computing wavelet-basedsignatures
for sliding windows of various sizesand then clusters them
based on the proximity of their signatures. Each region is
then represerted by the average signature. Windsurf [2, 3]
performs 3-level Haar wavelet transformation in the HSV
color spaceand the wavelet coe cien ts of the 3rd level LL
subband are used for clustering. Each region is represerted
by its size, certroid and corresponding covariance matrices.
SIMPLIcit y [27] partitions an image into 4x4 blocks and
computes average color and wavelet coe cien ts in high fre-
quency bands.

Table 1 compares the region represertation (with esti-
mated size) and region distance function of someRBIR sys-
tems. As we can see,most of thesesystemsusedcomplicated
region represertations and some of them also use expensive
distance functions. Our method uses much more compact
data structures to represen ead region and region distance
can be calculated very e cien tly by XORing operations.

2.2.2 Raion-Basedmage Similarity Measue

Various region-basedimage similarit y measureshave been
proposedby previous RBIR systems, which can be roughly
divided into three categories:

Independernt best match: Systems such as Blobworld
and NETRA nd the best matched region for each
query region and calculate the overall similarity score
using fuzzy-logic operations or weighted sum. Since
ead query region is matched independertly, multiple
regions in the query image might be matched to the
sameregion in a target image, which is undesirable in
many cases. As an extreme example, consider an im-
age A full of red balloons and a very dierent image
B with a red ball in it. Since each red balloon in A
matchesthe red ball in B very well, these two images
will be considered very similar by independert best
match.

One-to-one match: Systems like Windsurf and WAL-
RUS consider matching one set of regions to another
set of regions and require that eac region can only
be matched once. For example, Windsurf uses the



System Region Represeration Distance Function Estimated Size
per region
218-bin color histogram quadratic
Blobworld contrast, anisotropy Euclidean 900 bytes
certroid, area, ecceriricit y, orientation Euclidean
f(c;pa);iii;(Cnspn)g O(n?) Euclidean (n=7
NETRA f 00, 0077 s 1k 1) s 1k 10 Euclidean (s=4k=06)
fk (32-D), fr(32-D), fz (64-D) Euclidean ) 739 bytes
166-bit color vector quadratic (modied for bit vector)
VisualSEEk certroid, area Euclidean, L1 41 bytes
width, height of bounding box Lo
area
Windsurf 12-D certroid (4 subbands, 3-D color space) Bhattac haryya metric 148 bytes
24-D covariance matrices 5
averagecolor (L; U;V) IID i Wi (i fiu)2
SIMPLIcit y | sgrt of 2nd-order momernts, in 3 subbands j Wi (f; fJO)2 36 bytes
normalized inertia of order 1to 3 « Wi (fi ff)z, then quantized

Table 1: Comparison of dieren t RBIR systems'

region represen tation,

distance function and estimated size.
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Figure 1: Metho d overview: main comp onents and steps when inserting an image or querying an image.

Hungarian Algorithm to assign regions based on re-
gion distance. Region sizeis then usedto adjust two
matching regions' similarity. Image similarity is de-
ned asthe sum of the adjusted region similarit y. One-
to-One match assumesgood image segmeration such
that there is good correspondencebetweentwo similar
images' regions. But current segmenation techniques
[9, 19] are not perfect and regions do not always corre-
spond to objects. What is more, it is hard to de ne an
optimal segmernation, as one image may need di er-
ent segmerations when comparing to di eren t images
[11].

EMD match?®: Somesystems[15,11] usesimilarit y mea-
sures based on the Earth Mover's Distance (EMD).

Although EMD is a good measure for region match-
ing, the way that these systems directly use region
distance function asthe ground distance of EMD, and

1The Integrated Region Matching (IRM) proposedin SIM-
PLlcit y is similar to EMD match.

usenormalized region size asregion weight posesprob-
lems such asinappropriate region weights. As a result,
these systemsdid not make a very good use of EMD.

As we can see,ead of the three similarit y measureshasits
own problem and is not very e ectiv e. Our image similarit y
measure is based on EMD* match, an improved version of
EMD match. By combining region distanc thresholding

3. OVERVIEW OF OUR METHOD

Figure 1 shows the main components of our image simi-
larity search method and illustrates the stepsan image goes
through when it's inserted into the system, or is submitted
as a query image.

When an image is inserted into the system, we rst seg-
ment it into seweral homogeneousregions. For eadt region,
we extract a 14-dimensional feature vector, and then convert
it into a bit vector using the thresholding and transforma-
tion algorithm. This results in very compact represertation
of eadh region, and the distance between two regions can
be calculated e cien tly by XORing their region bit vectors.



Next, all the n region bit vectors along with their weights
are embedded into a single image feature vector, such that
the L, distance on two images' embedded feature vectors
approximates the EMD* between these two images. For
compactnessand e ciency in distance calculation, the im-
age feature vector is also converted into a bit vector. Both
the image bit vector and the individual region bit vectors
(with region weights) are stored into a database for future
image retrieval.

A query image goesthrough the sameprocessof segmen-
tation, feature extraction, bit vector conversion, embedding,
and bit vector conversion. Then the image bit vector is used
to do ltering in the image database and obtain the top K
imagesthat are closestto the query image's bit vector. We
calculate exact EMD* match betweenthe query image and
ead of the K imagesusing their region bit vectors. Finally
the top k images with smallest EMD* match to the query
image are returned.

4. REGION REPRESENTATION AND IM-
AGE SIMILARITY MEASURE

4.1 RegionFeature Vector Representation

We represert ead region with a simple feature vector that
includes two kinds of information about a region: color mo-
ments and bounding box.

Color momen ts The idea of using color moments to rep-
resert a color distribution was originally proposed in
[25]. It is a compact represeration and it has been
shown in [18] that the performance of color moments
is only slightly worse than high-dimensional color his-
tograms. We extract the rst three moments from
each channel in the HSV color space, resulting in a
9-dimensional color vector.

Bounding box is the minimum rectangle covering a re-
gion. For ead region, we calculate its bounding box
and obtain the following information:

X_ bounding box width
y_ bounding box height
p- #pixels in a region
r_= xX_=y_ aspect ratio
s_= X_ y_ | bounding box size
a_= p-=s_ area ratio
(cxscy) region certroid

We use a 5-dimensional vector to represert a region's
bounding box information: (In(r.);In(s.);a- cx;¢y).

Weighted L, distance is usedfor both the color vectors and
the bounding box vectors. We can easily concatenate a re-
gion's 9-D color vector and 5-D bounding box vector into
a 14-D vector and the distance between two regions is the
weighted L, distance betweentheir 14-D vector represerta-
tions.

4.2 Image Similarity Measure: EMD* Match

We design an image similarity measure based on Earth
Mover's Distance(EMD), which is a exible similarity mea-
sure betweenmultidimensional distributions. Given two dis-
tributions represerted by sets of weighted features, EMD
re ects the minimal amount of work neededto transform

onedistribution into another by moving distribution \mass"
(weights) around:

i d(QisT;)
i jfj

As mentioned in related work, a couple of RBIR systems
have used \EMD match"-based image similarity measures
where the region distance function is usedasthe ground dis-
tance of EMD and normalized region size is used as region
weight. However, a careful analysis reveals that currentl

\EMD match"-based image similarit y measuresare not tak-

ing full advantage of EMD. In particular, the distance func-
tion and region weight information that are inputs to EMD

are inappropriate.

The rst obsenation is that a region's importance in an
image is not proportional to that region's size. For exam-
ple, a large region (e.g. front door) usually should not be
consideredmuch more important than a small region (e.g. a
baby). After considering various region weighting schemes,
we decide to usethe normalized squareroot of region sizeas
ead region's weight, which reducesthe di erence between
small and large regions, and assignssuitable weights in most
segmenation scenarios.

EMD(Q;T) =

wi [/ sgrt(area(Ti))
iwi = 1

A second obsenation is that similar images may still have
very dierent regions (e.g. the same baby with a dierent
toy). If we simply use the region distance function, two
similar imagesmay be considereddi eren t only becausethey
have two very dierent regions. To address this problem,
distance thresholding is used after we calculate the distance
betweentwo regions. If the distance betweentwo vectors is
larger than a threshold th, we useth asthe region distance.
By setting an upperbound on region distance, we reduce the
a ect that an individual region can have on the whole image,
making our image similarit y measure more robust.?2

Based on the two obsenations, we de ne image dissim-
ilarit y as the EMD using square root region size as region
weight, and thresholded region distance as the ground dis-
tance function. We call this measure\ EMD* match"-based
image similarit y measure.

5. COMPACT DATA STRUCTURES

In this section, we propose a thresholding and transfor-
mation algorithm that approximates weighted (and thresh-
olded) L distance of real-valued feature vectors with Ham-
ming distance of bit vectors. As we can see,the bit vector
represertation is much more compact than the real-valued
feature vector represertation; and it is also much faster to
calculate Hamming distance of bit vectors (XORing bits)
than weighted (and thresholded) L1 distance of feature vec-
tors (oating point operations).

Suppose we want to compute weighted L1 distance for
d-dimensional vectors, where the ith coordinate is in the
range [li;hi] and has weight w;. Let T = iw; (hi 1}),
andpi = w; (hi 1;)=T. Note that ipi = 1. Togeneratea
single bit, pick i 2 [1;d] with probability pi, pick a uniform

2Note that this technique is designedfor whole image match-
ing instead of partial matching, where the user only wants
to match one or more particular regions.



random numbert 2 [l;; hi]. For each vector v = (vi;:::;Vq),
Lo 0 ifvi<t
BIL="1 ity >=t

Note that ead (i; t) pair determines the value of one bit for
ead vector. To make the transformation consistert across
all vectors, for eadh bit we generate, we must apply the same
(i; t) pair to ead vector.

Algorithm 1 Generate N K Random (i; t) Pairs
input: N; K; d; I[d]; u[d]; w[d]
output:  p[d];rnd_[N][K];rndt[N][K]

p=wi (U L) fori=0;:::;d 1
normalize pi  s:t:

for (n=0;n< N;n+ +) do
for (k= 0;k< K;k+ +) do
pick random numberr 2 [0;1)
ndi st [ gp<=r< jop
rnd_i[n][k] = i

pick random numbert 2 [li; ui]
rnd_t[n]k] = t
end for
end for

Next we transform the distance function so the distance
is thresholded at a given threshold xo. We will generate K
bits, eat generatedindependertly using the above process.

bits). Then we take the K bits and apply a hash function
to them. The hash function could be XOR, or some other
random hash function. In practice, we will generate many
such bits. For two feature vectors u and v, the number
of bits that are dierent approximates the weighted (and
thresholded) L1 distance betweenu and v.

An implementation of the algorithm is shown here. Al-
gorithm 1 is the initializing process,where N K random
(i; t) pairs are generated. Then for ead feature vector, Al-
gorithm 2 is called to convert the feature vector to a N -bit
vector.

Algorithm 2 Convert Feature Vector to N -Bit Vector
input: v[d]; N; K;rndi[N][K]; rndt[N][K]
output:  H[N]

for (n=0;n< N;n+ +) do
x=0
for (k= 0;k< K;k+ +) do
i = rnd.i[n][k]
t = rnd_t[n][K]

y=(y<t?0:1)
X=X 'y
end for
b = x

end for

Lemma 1. If the weighted L1 distance between two vec-
tors u and v is x, then the probability that the two vectors

geneiate di er ent bits given the same (i; t) pair is p= x=T.

Pr oof. Let ri = h; li. Given two vectors u and v,
let bit(u) and bit(v) be the bits generated for u and v re-
spectively. Let C; denote the event that coordinate i is
picked in the bit generation process. Note that Pr[Ci] =
pi = w; ri=T. Given that coordinate i is picked, the
threshold value t is chosenuniformly in the interval [l;; hi].
Also the only values of t for which bit(u) 6 bit(v) aret 2
[min(ui;vi); max(u;i; vi)]. Hence,

Pribit(u) 6 bit(v)jCi] = jui  vij=r,
Therefore,

xd

Pribit[u] & bit(v)] = Prbit(u) & bit(v)jCi] Pr[Ci]

= Wi jui  Vij=T = x=T

O

Lemma 2. If the weighted L1 distance between two vec-
tors u and v is x, and if XOR is usal as the hashingfunction,
then the prohkability that the bit generted after hashing the
K bitsisdierentfor uandvis g= 0:5(1 (1 2x=T)X).

Pr oof. Let p= x=T be the probabilit y that the jth bit
generatedfor vectorsu and v is di eren t. Note that the XOR
of the K bhits generatedis dierent i an odd number of the
K bits generatedare di eren t. Hence,the probabilit y g that
the XOR of the K bhits generated is di erent for vectors u
and v is given by the expression

|

P pf !
odd j ] |
XK
2

P pe’

X T S K
2 (1) j P@Q p
pf)=051 @

- 1 —T\K
= 50 a 2x=T)")

O

Figure 2 shows the fraction of di eren t bits g asa function
of the weighted L, distance x for dierent K values. The T
value here is 18. When K = 1, g increaseslinearly with x.
When K > 1, we can seethat the function is approximately
linear initially and then attens out. The larger the K value,
the earlier it starts to \b end". If we want the attening to
happen at around xo, then we should pick K to be about
T=2Xo.

6. FILTERING

In order to perform similarity seardies on a large image
database, we propose a ltering method via approximate
EMD embedding. The goal is to nd a small candidate
image set for the EMD* match by Itering out most of the
imageswhich are very di erent from the query image. The
challenge is to quickly nd the candidate image set that
contains most of the similar images.
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Previous ltering methods do not work well. The rst
kind of Itering is to index individual regions and combine
the Itering results of all the regionsto form the candidate
image set. This approach is not e ectiv e, becauseit loses
the information of image-level similarity. The secondkind
is to use a technique to embed EMD into L1 distance and
then use Locality Sensitive Hashing (LSH) to nd the near-
est neighbor(s) in the latter space[14]. This method has
interesting provable properties, but it does not work well
with compact data structures nor doesit consider distance
thresholding on real-valued vectors.

We have designeda nhew EMD embedding technique that
converts a set of region bit vectors into a single image fea-
ture vector, and the L; distance on the embedded image
feature vector approximates the EMD on the original region
bit vectors.

The basic step involves picking seweral random positions

we say region r; ts pattern P if
rip; == by forj =1,2;:::;h
We de ne the matched weight of image | wrt. pattern P as

the sum of the weights of the regions in image | that ts
pattern P:

MW(;P)=iw; ri ts pattern P

In the example below, if we pick random positions 3, 5 and
7, and random bit pattern \011", both r; and r3 t the
pattern (shown in bold numbers), sothe matched weight is
0.1+ 0.3= 0.4.

1 2 3 45 6 7 8 w

ri 1 00 1 1 0 1 0 01
r2 0 011 0 1 1 0 06
rs 01 0 01 01 1 03
MW 0.4

Intuitiv ely, if two region vectors are similar, they have more
bits in common than other regions. So there is a higher

chance that the two vectors both t (or not t) arandom
pattern. Given two similar images, eacdh random pattern
picks out the regionsin the two imagesthat are similar, in
e ect matching similar regionsto eac other. When enough
number of random patterns are used, the list of matched
weights of the two images are closein terms of L; distance.

The implementation of the embedding algorithm is di-
vided into two pieces. The rst is Algorithm 3 which gen-
erates M sets of random positions and picks a random bit
pattern for each set.

Algorithm 3 Generate M H -bit Random Patterns
input: M ;H;N (region bit vector length)
output: P[MI]H];B[M]H]

for (i=0;i< M;i++) do
for (j =0;j < H;j++) do
pick a random position p2 [O;N 1]
pick a random bit b2 f0; 1g

Plll]= p
Blillil=1b
end for
end for

The second piece is Algorithm 4 which, given an image
represerted by a list of region bit vectors and their corre-
sponding weights, computes its EMD embedding using the
random patterns generated by Algorithm 3,

Algorithm 4 Image EMD Embedding
input: K r[K][INJ;wk;M;H;P[M]H];B[M][H]
output: MWI[M]

for (i
mw
for (j

h=0

while (h< H) && (r[j][P[il[h]] == B]Ji][h]) do
h+ +

end while

=0;i<M;i++) do
= 00
=0;j <k;j++) do

if h==H then
mw = mw + wlj]
end if
end for

MWI[i] = mw
end for

After the embedding, eac image is represenied by a M -
dimensional real-valued vector. We further convert it to a
bit vector using the same algorithm we proposed for con-
verting region feature vectors to region bit vectors (see Sec-
tion 4). As a result, eac image is now represerted by a
compact bit vector and the Hamming distance betweentwo
imagescan be e cien tly computed by XORing their bit vec-
tors. Our lItering algorithm ranks images based on the
Hamming distance of their embedded image bit vectors to
the query image's bit vector and return the top K images
for exact EMD computation.



7. EXPERIMENTAL RESULTS

We are interested in answering the following questions:

How e ectiv e is our EMD* match compared to other
region-basedimage similarit y measures?

How compact can the data structure be in order to
achieve high-quality similarity seardes?

How e ectiv e and e cien t is our embedding and lter-
ing algorithm?

This section rst describesour evaluation methodology and
then preserts our experimental results to answer ead of the
guestions above.

7.1 Evaluation Methodology

Image Collection

We have chosenan image collection® consisting about 10,000
general-purposeimages. The main reasonfor choosing this
image database is that a group of researdiers de ned 32
sets of similar imagesfor this image collection *. These sets
represert dierent categoriesand have dierent number of
similar imagesin ead set. Our experiments use these 32
sets of similar imagesasthe ground truth in our evaluation.

We have excluded black and white images becauseour
implementation is designed for color image retrieval. The
result image database has 9877 images. The image segmen-
tation tool we useis JSEG [9], and the tool's default param-
eter setting is used. In total, 70702 regions are generated
from these images. The average number of regions per im-
age is 7.16, with the minimum being 1 and the maximum
being 57. Figure 3 shows the cumulativ e distribution (CDF)
of the number of regions, where the x axis (in log scale) is
the number of regions, and the y axis is the percertage of
imageswith at most x regions.

100
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40

percentage of images (%)

20

#regions

function
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Figure 3: Cum ulativ e distribution
of #Regions

(CDF)
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Effectivenes$leasue

The goal is to measurehow e ectiv e a retrieval system nds
similar images. We have chosen a e ectiv eness measure
called average precision. Given a query q with k relevant
items while query q is excluded from the relevant set, let
rank; be the rank of the ith retrieved relevant item (1

i k), then average precision is de ned as following:

ava: orecision = L X

vg: precision = K rank

i=1
This measure has a clearer notion of items' rankings in the
returned results, which is more suitable for image retrieval.
Also, it is a single-valued measure,making it much easierto
compare the e ectiv enessof di eren t systems.

This measure is more suitable than Precision and recall
which are widely used as e ectiv enessmeasuresin informa-
tion retrieval. Precision and recall are de ned as:

JA\ Rj =]Aj

JA\ R =]Rj

where A is the set of items retrieved by the system (the
actual answer), and R is the set of items relevant to this
query (the ideal answer). The problem with precision vs.
recall curve is that it doesnot directly considerthe ranking
of ead relevant item in the returned results. In addition,
Precision vs. recall curve is not a single-valued measure,

making it dicult to compare system e ectiv enesswhen we
perform multiple queries with various relevant set sizes.

precision =
recall =

ExperimentaSetup

All our experiments are done on a PC with a 931MHz Pen-
tium I11 Xeon CPU, 1GBytes of memory and two 60GB
Maxtor IDE disks. For ead experiment, we perform 32
queries and results are averagedover the 32 queries. Due to
the randomnessnature of our bit vector transformation algo-
rithm and embedding algorithm, ead experiment involving
these two random algorithms is repeated 5-10 times.

7.2 Effectivenesf EMD* Match
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Figure 4: Eectiv eness comparison
gion matc h techniques,
vectors.

Figure 4 compares the e ectiv enessof dierent region
matching techniques. All of the matching techniques use



[ System | Size | Ratio ]
Blobworld | 900 bytes 72
NETRA 739 bytes | 59.1
VisualSEEkK | 41 bytes 3.3
Windsurf 148 bytes | 11.8
SIMPLIcit y | 36 bytes 29
Our System | 100-bit 1

Table 2: Compactness
comparison.

of region represen tation: a

the same 14-D region feature vectors proposedin Section 4.
When region distance thresholding is used, color momernts
distance is thresholded at 2.4 and bounding box distance is
thresholded at 1.5.

The gure shows that the average precision of the inde-
pendert best match (\ind. match") is 0.527. With our pro-
posed thresholding scheme, its average precision increases
to 0.558.

To compare with the one-to-one match (\1-1 match"), we
tested the image similarit y measure proposedby Windsurf,
and region matching is done using the Hungarian algorithm.
Its average precision is only 0.350 when original region size
is used as region weight, and the number goesup to 0.436
when square root of region size is used as region weight.
Since Windsurf converts region distance d to region similar-
ity e % ¢, in eect thresholds region distance, it does not
benet from our distance thresholding scheme.

With the original EMD match ° , the averageprecision is
0.496. This number improvesto 0.548 when we use square
root region size as region weight. When region distance
thresholding is added, we further increase the number to
0.615. As we can see,the EMD* match technique we pro-
posedis 17% - 76% more e ectiv e than other region match-
ing technigues. Both region distance thresholding and square
root region size greatly improve the average precision, and
other matching techniques also benet a lot from these two
schemes.

We also compare our EMD* match with SIMPLIcit y[27].
We obtained the SIMPLIcit y code and tested it on the same
set of image databases. Since SIMPLIcit y did not work for
two of the query images, only 30 queriesare usedwhen com-
paring to SIMPLIcit y. SIMPLIcit y achievesan averagepre-
cision of 0.331,as comparedto EMD* match's 0.629average
precision.

7.3 Compactnesof RegionRepresentation

Figure 5 shows the average precision using di eren t sized
region bit vectors, as compared to the original 14-D region
feature vector. All of them use EMD* match. Compared
with the 14-D (448-bit) region feature vector, a factor of
more than 4 reduction in region represertation size can be
achieved without much loss in e ectiv eness. As shown in
Table 2, our 100-bit region represertation is 3 - 72 times
more compact than the region represertation used by other
RBIR systems.

7.4 Effectivenessand Ef ciency of Filtering

We test our approximate EMD embedding algorithm on
various sized region bit vectors, using dierent M (number

Shttp://rob  otics.stanford.edu/ rubner/emd/default.h tm
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of random patterns) and dierent H (number of positions
in eac pattern) values. Figure 6 shows the e ectiv enessof
our embedding algorithm using di eren t number of random
patterns (and H = 3) to embed imagesrepreserted by 100-
bit region vectors. For eac set of embedded image vectors,
e ectiv enessis calculated by ranking images based on the
L, distance betweentwo images' embedded feature vectors.
From the numbers, we can seethat although the embedding
intro duces distortion to the original EMD, it still has fairly
good average precision.

We pick the embedded vectors generated using 500 ran-
dom patterns and convert the 500-dimensional embedded
image feature vectors into 500-bit, 800-bit and 1000-bit vec-
tors respectively, to test our ltering algorithm. Figure 7
and Figure 8 show the e ectiv enessand average query time
using di eren t sized bit vectors, di eren t number of Itered
images, and with or without exact EMD* calculation and
reranking. Wecanseethat ltering plus exact EMD* rerank-
ing works very well. Its e ectiv enessis almost as good as
exact EMD* match, while greatly reducing query time.

As shown in Table 3, without embedding and ltering,
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Figure 7: Eectiv eness comparison using dieren t
image bit vector sizes and dieren t number of im-
ages returned after ltering, with and without exact
EMD* on the returned images. E.g. \b500 _emd"
uses 500-bit image vectors and exact EMD* is com-
puted to rerank the Itered images.

EMD* match takes 0.698 secondson average to nish a
query; with embedding and Itering, only 0.130 secondsis
needed,a factor of more than 5 improvemert in query speed.
Table 3 also lists the speed of feature vector to bit vector
transformation and emd embeddings. The total amount of
time spend on these operations is only 271 s, which is neg-
ligible compared to the overall query time.

0.3

b500 —+—
b500_emd —+—
0.25 + +
b1000 -
02 | b1000_emd % ]

average query time (s)

0
100 200 300 400 500 600 700 800 900 1000
#images returned after filtering

Figure 8: Comparison of average query time us-
ing dieren t image bit vector sizes and dieren t
number of images returned after Itering, with and
without exact EMD* on the returned images. E.g.
\b500 _emd" uses 500-bit image vectors and exact
EMD* is computed to rerank the Itered images.

8. CONCLUSION

This paper reports our investigation on using compact
data structures for content-based image retrieval. We have
shown that our proposed method can achieve high-qualit y
similarit y seardes with highly compact data structures.

We have evaluated the e ectiv enessof eadh component
of our proposed method with our prototype system on an

query method | speed |
SIMPLIcit y 0.449 s/query
exact EMD* match 0.698 s/query
EMD* match 0.130s/query

w/ embedding and ltering

operation speed
region vector transformation 16 s
14-D) 100-bit
emd embedding 157 s
100-bit rgn vec) 500-D img vec
image vector transformation 98 s
500-D) 1000-bit
subtotal 271 s

Table 3: Comparison
eration speed.

of average query time and op-

image database. Our results show that the proposed EMD*
match is an e ectiv e measure,17%- 76% more e ectiv e than
previously proposedregion-basedimage similarit y measures.

The experimental results show that our proposedthresh-
olding and transformation algorithm is an e ectiv e way to
create compact metadata for similarit y seardes. Evenwhen
such metadata for ead region is 3 to 72 times smaller than
the represertations used by previous systems, the image re-
trieval system can achieve higher quality similarit y seardes.

Finally, our results show that approximate EMD embed-
ding is an e ectiv e way to build sketches for Itering im-
agesfor similarit y seardes. In our experiments, the Itering
method can speedup the seard time by about a factor of 5
with little lossin similarity seard e ectiv eness.

In the near future, we plan to further evaluate our method
with other image databases. SIMPLIcit y useswavelet trans-
formation which doesnot work well with low resolution im-
ages. We plan to compare our method with SIMPLIcit y us-
ing higher resoluion images. Sometheoritical analysis would
be helpful to better understand the squar-root region weight-
ing function and region distance thresholding. We also plan
to devise an index data structure for images which would
enable fast query answering without examining the sketches
of all imagesin the system. Since we produce sketches for
imageswhich are bit vectors, in principle, it should be pos-
sible to use known nearest neighbor seard data structures
for L, distance [13, 16, 8] in order to index these sketches.
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