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Abstract

Retrieving images from large and varied collections us-
ing image content as a key is a challenging and important
problem. e present a new i mage representation which pro-
vides a transformation from the raw pixel data to a small
set of image regions which are coherent in color and tex-
ture. This“ Blobworld” representationis created by cluster-
ing pixelsin ajoint col or-texture-position feature space. The
segmentation algorithmis fully automatic and has been run
on a collection of 10,000 natural images.

We describe a system that uses the Blobworld represen-
tation to retrieve images from this collection. An important
aspect of the systemisthat the user isallowed toviewthein-
ternal representation of the submitted image and the query
results. Smilar systems do not offer the user thisview into
theworkings of the system; consequently, query resultsfrom
these systems can beinexplicable, despite the availability of
knobs for adjusting the similarity metrics.

By finding image regions which roughly correspond to
objects, we allow querying at the level of objects rather
than global image properties. We present results indicating
that querying for distinctive objects using Blobworld pro-
duces significantly higher precision than does querying us-
ing color and texture histograms of the entire image.

1 Introduction

Very large collections of images are growing ever more
common. From stock photo collections and proprietary
databases to the World Wide Web, these collections are di-
verse and often poorly indexed; unfortunately, image re-
trieval systems have not kept pace with the collections they
are searching. The limitationsof these systems include both
the image representations they use and their methods of ac-
cessing those representations to find images:

e While users generaly want to find images containing
particular objects (“things’) [9, 13], most existing im-
age retrieval systems represent images based only on

*This work has been submitted to the IEEE for possible publication.
Copyright may be transferred without notice, after which this version will
be superseded.

their low-level features (“stuff”), with littleregard for
the spatial organization of those features.

e Systems based on user querying are often unintuitive
and offer little help in understanding why certain im-
ages were returned and how to refine the query. Often
the user knows only that he has submitted a query for,
say, a bear but in return has retrieved many irrel evant
images and very few pictures of bears.

In this paper we present “Blobworld,” a new framework
for image retrieval based on segmentation into regions and
guerying using properties of theseregions. Theregionsgen-
erally correspond to objects or parts of objects. While Blob-
world does not exist completely in the “thing” domain, it
recognizes the nature of images as combinations of objects,
and querying in Blobworld is more meaningful than it is
with simple “stuff” representations.

Image segmentation isadifficult problem. Segmentation
algorithms inevitably make mistakes, causing some degra-
dation in performance of any system that uses the segmen-
tation results. As a result, designers of image retrieval sys-
tems have generally chosen to use global image properties,
which do not depend on accurate segmentation. However,
segmenting an image alows us to access the image at the
level of objects. We believe this ability is critical to image
retrieval and to progressin object recognitionin general. We
have devel oped a segmentation algorithmthat, whileimper-
fect, provides segmentations that are good enough to yield
improved query performance compared to systems that use
global properties.

In order to segment each image automatically, we model
the joint distribution of color, texture, and position fea
tureswith a mixture of Gaussians. We use the Expectation-
Maximization (EM) algorithm [8] to estimate the parame-
ters of this model; the resulting pixel-cluster memberships
provide a segmentation of theimage. After theimageisseg-
mented into regions, a description of each region’scolor and
texture characteristics is produced. In a querying task, the
user can access the regions directly, in order to see the seg-
mentation of the query image and specify which aspects of
theimage areimportant to the query. When query resultsare
returned, the user also sees the Blobworld representation of
each retrieved image; thisinformation assists grestly in re-
fining the query.

We begin thispaper by briefly discussing thecurrent state
of image retrieval. In Sections 2—3 we describe the feature



extraction and segmentation algorithm. In Section 4 we dis-
cuss the descriptors assigned to each region. In Section 5
we present a query system based on Blobworld, as well as
results from queriesin a collection of 10,000 highly varied
natural images. We conclude with a brief discussion of our
approach and some proposed directionsfor future work.
Portions of thiswork have been publishedin[4, 6, 7].

1.1 Reéated work

The best-known image database system is IBM’s Query
by Image Content (QBIC) [10], which alowsan operator to
specify various properties of a desired image. The system
then displays a selection of potential matches to those cri-
teria, sorted by a score of the appropriateness of the match.
Region segmentation islargely manual, but recent versions
of QBIC [2] contain simple automated segmentation facil-
ities. Photobook [31] incorporates more sophisticated rep-
resentations of texture and adegree of automatic segmenta-
tion. Other examples of systemsthat identify materialsusing
low-level image propertiesincludeVirage[17], Visua SEEK
[38], Candid [24], and Chabot [29].

Color histograms [41, 42] are commonly used in im-
age retrieval systems and have proven useful; however,
thisglobal characterization lacks information about how the
color is distributed spatialy. Several researchers have at-
tempted to overcome thislimitation by incorporating spatial
information in the descriptor. Stricker and Dimai [40] store
the average color and the color covariance matrix within
each of five fuzzy image regions. Huang et al. [20] store a
“color correlogram” that encodes the spatia correlation of
color-bin pairs. Smith and Chang [39] store the location of
each color that is present in a sufficient amount in regions
computed using histogram backprojection.

Lipson et al. [26] retrieve images based on spatial and
photometric relationships within and across simple image
regions. Little or no segmentation is done; the regions are
derived from low-resolution images. Jacobs et d. [21] use
multiresol ution wavel et decompositionsto perform queries
based on iconic matching.

Some of these systems encode information about the spa-
tia distribution of color features, and some perform sim-
ple automatic or manually-assisted segmentation. However,
none providestheleve of automatic segmentation and user
control necessary to support object queries in a very large
image collection. These approaches generally work well in
a query-by-example task when the entire scene is distinc-
tive and relevant; they are not suited to the task of querying
for general objects such as animals, where large parts of the
scene are irrelevant.

Ma and Manjunath [27] perform retrieval based on seg-
mented image regions. Their segmentation isnot fully auto-
matic, asit requires some parameter tuning and hand prun-
ing of regions.
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Figure 1. The stages of Blobworld processing: From pixels to re-
gion descriptions.

Classica object recognition techniques usualy rely on
clean segmentation of the object from the rest of the im-
age or are designed for fixed geometric objects such as ma-
chine parts. Neither constraint holds in the case of natural
images:. the shape, size, and color of objects like tigers and
airplanes are quite variable, and segmentation is imperfect.
Clearly, classical object recognition does not apply. More
recent techniques [32] can identify specific objects drawn
from afinite (on the order of 100) collection, but no present
technique is effective at the general image analysis task,
which requires both image segmentation and image classi-
fication.

Our approach to segmentation uses the EM algorithm to
estimate the parameters of a mixture of Gaussians model
of the joint distribution of pixel color and texture features.
Earlier work has used EM and/or the Minimum Description
Length (MDL) principleto perform segmentation based on
motion [3, 43] or scaled intensities[44], but EM hasnot pre-
viously been used on joint color and texture. Related ap-
proaches such as deterministic annealing [33] and classica
clustering [22] have been applied to texture segmentation
without color. Panjwani and Healey [30] have performed
segmentation using a Markov random field color texture
model.

2 Featureextraction

Creating the Blobworld representation of an image in-
volvesthree steps (see Figure 1):

1. Select an appropriate scale for each pixel, and extract
color, texture, and position featuresfor that pixel at the
selected scale.

2. Group pixels into regions by modeling the distribu-
tion of pixel featureswith amixture of Gaussiansusing
Expectation-Maximization.

3. Describe the color distribution and texture of each re-
gionfor usein aquery.

Figure 2 illustrates these steps for a sample image.

2.1 Extracting color features

Each image pixel has athree-dimensional color descrip-
tor in the L*a*b* color space. This color space is approxi-
mately perceptually uniform; thusdistancesinthisspace are
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Figure 2. Creating the Blobworld representation. (a) Original im-
age. (b) The image after spatially variant smoothing at the se-
lected scale; note that the zebra stripes have been smoothed
away and replaced by gray. (c) The six components of the
color/texture feature vectors. The top images represent the three
locally smoothed L*a*b* color coordinates. The bottom images
represent the coordinates in texture space; from left to right, we
have anisotropy, polarity, and contrast, ranging from 0 (white) to
1 (black). Note that the zebra hide is highly anisotropic (oriented)
and has high texture contrast. Note also that the striped regions
are roughly uniform in each of the six features. (d) The results of
clustering the feature vectors into K = 2, 3,4,5 Gaussian clus-
ters using EM. Pixel cluster memberships are shown as one of up
to five gray levels. Application of the MDL principle suggests that
the K = 4 image (third from the left) provides the best segmen-
tation of the data. (e) The segmentation for K’ = 4 (as chosen
by MDL) after postprocessing. (f) The Blobworld representation
of the image. Each region with an area greater than 1% of the
total image area yields a blob.

meaningful [46]. We smooth the color features as discussed
in Section 2.3in order to avoid oversegmenting regionssuch
astiger stripesbased onlocal color variation; otherwiseeach
stripe would become its own region.

2.2 Extractingtexturefeatures

Texture is a well-researched property of image regions,
and many texture descriptors have been proposed, including
multi-orientation filter banks [28] and the second-moment
matrix [11, 15]. We will not elaborate here on the classical
approaches to texture segmentation and classification, both
of which are challenging and well-studied tasks. Rather, we
introduce a new perspective related to texture descriptors
and texture grouping motivated by the content-based re-
trieval task.

Whereas color is a point property, texture is a local-
neighborhood property. It does not make sense to talk about
thetextureof zebrastripesat aparticular pixel without spec-
ifying a neighborhood around that pixel. In order for a tex-
ture descriptor to be useful, it must provide an adequate de-
scription of the underlying texture parameters, and it must
be computed in a neighborhood which is appropriate to the
local structure being described.

Thefirst requirement could be met to an arbitrary degree
of satisfaction by using multi-orientation filter banks such
as steerabl e filters; we chose a simpler method that is suffi-
cient for our purposes. The second requirement, which may
be thought of as the problem of scale selection, has not re-
ceived the same level of attention in the literature. Thisis
unfortunate, sincetexturedescriptors computed at thewrong
scale only confuse the issue.

Inthiswork, weintroduce anovel method of scale selec-
tionwhichworksintandem withafairly smplebut informa-
tive set of texture descriptors. The scale sel ection method is
based on edge/bar polarity stabilization, and the texture de-
scriptors arise from the windowed second moment matrix.
Both are derived from the gradient of the image intensity,
which we denote by V7. We compute V I using thefirst dif-
ference approximation along each dimension. This opera-
tion is often accompanied by smoothing, but we havefound
this preprocessing operation unnecessary for the images in
our collection.

To make the notion of scale concrete, we definethe scale
to be the width of the Gaussian window within which the
gradient vectors of the image are pooled. The second mo-
ment matrix for the vectors within this window, computed
about each pixel in theimage, can be approximated using

My (z,y) = Go(z,y) * (VI)(VI)T (1)

where G, (z, y) isa separable binomial approximation to a
Gaussian smoothing kernel with variance o2.

At each pixel location, M, (z,y) isa2 x 2 symmetric
positive semidefinite matrix; thus it provides us with three



pieces of information about each pixel. Rather than work-
ing with the raw entriesin M, , it is more common to desl
with itseigenstructure [5, 11]. Consider afixed scale o and
pixel location, let A\; and A5 (A\; > As) denote the eigen-
values of M, at that location, and let ¢ denote the argu-
ment of the principal eigenvector of M,. When ), islarge
compared to A., the local neighborhood possesses a dom-
inant orientation, as specified by ¢. When the eigenvalues
are comparable, thereis no preferred orientation, and when
both eigenvalues are negligible, the local neighborhood is
approximately constant.

Scale selection

We may think of o as controlling the size of the integra-
tion window around each pixel withinwhich the outer prod-
uct of the gradient vectors is averaged. o has been called
the integration scale or artificial scale by various authors
[11, 15] todistinguishit fromthe natural scaleused inlinear
smoothing of raw image intensities. Notethat o = o(z, y);
the scale varies across theimage.*

In order to select the scale at which M, iscomputed, i.e.
to determine the function o (z, y), we make use of a local
image property known as polarity.? The polarity is a mea-
sure of the extent to which the gradient vectorsin a certain
neighborhood al point in the same direction. (In the com-
putation of second moments, thisinformation islost in the
outer product operation; i.e., gradient vector directions dif-
fering by 180° areindistinguishable.) The polarity at agiven
pixel iscomputed with respect to the dominant orientation ¢
inthe neighborhood of that pixel. For ease of notation, et us
consider afixed scale and pixel location. We define polarity
as

_ By —E_|
T Ey+E_

The definitionsof £, and £_ are

By =Y Go(z,y)[VI-nly

and
E_ =) Go(z,y)[VI 5]
T,y
where [-]+ and []- are the rectified positive and negative

parts of their argument and » is a unit vector perpendicu-
lar to ¢. We can think of £, and £_ as measures of how
many gradient vectors in the window G, (z, y) are on the
“positiveside” and “negative side” of the dominant orienta-
tion, respectively. Notethat p,, rangesfromOto 1. (A similar
measureisused in [25] to distinguishaflow pattern from an
edge))

Lstrictly speaking, egn. (1) is not a convolution, since o (z, y) is spa-
tially variant.
2polarity is related to the quadrature phase as discussed in [14, 16].
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Figure 3. Five sample patches from a zebra image. (a) and (b)
have stripes (1-D flow) of different scales and orientations, (c) is
aregion of 2-D texture, (d) contains an edge, and (e) is a uniform
region.

Thepolarity p, variesasthescale o changes; itsbehavior
in typical image regions can be summarized as follows (see
Figure 3):

Edge: The presence of an edge is signaled by p, holding
valuescloseto1foral o.

Texture: Inregionswith 2-D textureor 1-D flow, p, decays
with o asthewindow sizeincreases, pixel swith gradi-
entsin multipledirections are included in the window,
so the dominance of any one orientation decreases.

Uniform: When a neighborhood possesses a constant in-
tensity, p, takeson arbitrary values since the gradient
vectors have negligible magnitudes and therefore arbi-
trary angles.

The process of selecting a scale is based on the deriva-
tive of the polarity with respect to scale. First, we com-
pute the polarity a every pixel in the image for o =
k/2,k = 0,1,...,7, thus producing a “stack” of polar-
ity images across scale. Then, for each £, the polarity im-
age computed at scale o is convolved with a Gaussian
with standard deviation 20, to yield a smoothed polarity
image p,, (z,y). For each pixel (z,y), we select the scale
o*(z,y) asthefirst vaue of oy (z, y) for which the differ-
ence between values of polarity at successive scales (p,, —
Do,_, ) 1Slessthan 2%. By this process we are performing a
soft version of local spatia frequency estimation, since the
smoothed polarity tends to stabilize once the scale window
encompasses one approximate period. Because we stop at
or = 3.5, thelargest period we can detect is approximately
10 pixels. Note that in uniform regions the selected scaleis



not meaningful and is set to zero. We declare aregion to be
uniformif itsmean contrast across scale islessthan 0.1.
Another method of scal e sel ection that has been proposed
[15] is based on localizing extrema across scale of an in-
variant of M, such as the trace or determinant. In this al-
gorithm, which is applied to the problem of estimating the
dant and tilt of surfaces with tangential texture, it is neces-
sary to perform natural smoothing at a scaletied totheartifi-
cia scale. We found that this extra smoothing compromised
the spatial localization ability of our scale sel ection method.

Texturefeatures

Once a scae o* is selected for each pixel, that pixe is
gned three texture descriptors. Thefirst isthe polarity at
that scae, p = p,+. The other two, which are taken from
M, , aretheanisotropy, defined asa = 1 — A5/, and the
normalized texture contrast, defined as ¢ = 2v/A1 + 3.2
These are related to derived quantitiesreported in [15].

2.3 Combining color, texture, and position
features

The final color/texture descriptor for a given pixel con-
sists of six values: three for color and three for texture. The
three color components are the L*a*b* coordinates found
after spatial averaging usingaGaussian at the selected scale.
Thethreetexture componentsare ac, pc, and ¢, computed at
the sel ected scal €] the ani sotropy and polarity are each mod-
ulated by the contrast, since they are meaninglessinregions
of low contrast. In effect, agiven textured patch in an image
first hasitstexture properties extracted and then is replaced
by asmooth patch of averaged color (see Figure 2(b)). Inthis
manner, the color and texturepropertiesinagivenregionare
decoupled; for example, a zebra becomes a gray horse plus
stripes.

Notethat in thisformulation of the col or/texture descrip-
tor, orientation and selected scale do not appear in the fea
turevector; asaresult, grouping can occur across variations
in orientation and scale.

Finally, we append the (z, y) position of the pixel to the
feature vector. Including the position generally decreases
oversegmentation and leads to smoother regions. Asseenin
Section 3.3, large, uniform background areas in the image
are sometimes arbitrarily split into two pieces dueto the use
of position as a feature. On the whole, however, including
positionyieldsbetter segmentation resultsthan excluding it.

3 Grouping pixelsinto regions

Once an image has been processed using the above fea-
tureextraction scheme, theresult isalarge set of feature vec-
tors, which we may regard as pointsin an eight-dimensiona

3If we use acentered first difference kernel in the gradient computation,
the factor of 2 makesc rangefrom 0to 1.

feature space. In order to dividethese pointsinto groups, we
make use of the Expectation-Maximization (EM) agorithm
[8] to determine the maximum likelihood parameters of a
mixtureof K Gaussiansin the feature space.

The EM agorithm is used for finding maximum likeli-
hood parameter estimates when there is missing or incom-
pletedata. In our case, the missing dataisthe Gaussian clus-
ter to which the pointsin the feature space bel ong. We esti-
mate valuesto fill in for theincompl ete data (the “E Step”),
compute the maximum likelihood parameter estimates us-
ing thisdata (the“M Step”), and repeat until a suitable stop-
ping criterion isreached. In the case where EM isappliedto
learning the parameters for a mixture of Gaussians, it turns
out that both steps can be combined into asingle update step,
as we shall see in the following description.

Assume that we are using K Gaussians in the mixture
model. (Wewill return to the matter of choosing K~ shortly.)
The form of the probability density is as follows:

K
= Zaifi(ffwz')
i=1

where z is a feature vector, the ay’s represent the mixing
weights (Zfil a; = 1), © represents the collection of pa-
rameters (aq, ..., ax,61,...,0k), and f; isamultivariate
Gaussian density parameterized by 6; (i.e., p; and X;):

1
fi(=]0;) =

i emn) S )
(27)d/2 det ¥, /2 ‘

with d = 8, the dimension of the feature space.

The first step in applying the EM agorithm to the prob-
lem at hand istoinitialize K mean vectors p1, . . ., px and
K covariancematrices Y, . . ., X torepresent each of the
K groups. We set the initial covariances to be the identity
matrix. We initiaize the means by finding the average fea-
ture vector in each of K windows in the image (see Fig-
ure 4). On subsequent restarts of the EM iteration, we add
a small amount of noise to each mean. We have found that
using thisdata-driven initializationyields dightly better re-
sults than random initialization, because the initial Gaus-
sians better cover the occupied regions of the feature space;
however, the exact initializationisnot critical to the success
of the segmentation a gorithm.

The update equationstake on the following form:
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Figure 4. Windows for initializing the EM means. For a given K,
each of the K initial means is found by averaging the feature vec-
tors in one of the K windows. On subsequent restarts, Gaussian
noise is added to each mean to choose the initial EM means.
(When K = 3, the two sets of windows are used for alternate
restarts.) Because the images in our collection generally follow
the conventions of photographic composition, these window ar-
rangements tend to initialize one mean corresponding roughly
to the dominant object in the image and the other means corre-
sponding to other objects or background regions.

where N isthetotal number of feature vectors, i.e. the num-
ber of pixels, and p(i|z;, ©) isthe probability that Gaussian
¢ fitsthe pixel z;, given the data ©:

__ oafi(xl6:)
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This update scheme allows for full covariance matrices,
variants include restricting the covariance to be diagonal or
a constant times the identity matrix. Full covariance matri-
ces are suited to our problem, since many plausible feature
clustersrequire e ongated covariance shapes, e.g. the shades
of gray along the L* axis of the color space.

The above update equations are repeated until the log
likelihood

p(ilz;, 0)

log £L(0|X) = log [ ] f(«]0)

k=1

increases by less than 1% from one iteration to the next. (If
this does not happen within 10 iterations, a stop is forced.)
We repeat thisiteration four times, adding Gaussian noiseto
theinitial means each time; thisalows us to avoid shallow
local maxima.

3.1 Modd sdection

We have thus far not discussed how to choose K, the
number of mixture components. Ideally we would like to
choose that value of K that best suits the natural number
of groups present in the image. (Note that each of these
color/texture groups may include several spatialy digoint
regionsintheimage.) Onereadily available notion of good-
ness of fit isthelog-likelihood. Given thisindicator, we can
apply the Minimum Description Length (MDL) principle
[34, 35] to select among values of K. This can be opera-
tionalized as follows[34, 37]: choose K to maximize

log £(O]X) — mTK log N

where my is the number of free parameters needed for a
model with K mixture components. In the case of a Gaus-
sian mixture with full covariance matrices, we have

d(d+1)

mg = (K 1)+ Kd + K—=—

As a conseguence of this principle, when models using two
valuesof K fit thedataequaly well, the simpler model will
be chosen. For our experiments, K rangesfrom 2 to 5.

It is important to note that we are not trying to find the
“true” K or “true” Gaussian distribution. There is no such
thing; theimages were not produced by drawing pixelsfrom
amixture of Gaussian distributions. Rather, we aretryingto
choose clusters that allow us to segment the images effec-
tively.

3.2 Postprocessing

Once a model is sdlected, the next step is to per-
form spatia grouping of those pixels belonging to the
same color/texture cluster. We first produce a K -level im-
age which encodes pixel-cluster memberships by replac-
ing each pixel with the label of the cluster for which it at-
tains the highest likelihood (see Figure 2(d)) and running
a connected-components agorithm to find image regions.
(There may be more than K of theseregions.)

While spatialy averaging the color features allows us
to group, for example, black and white zebra stripes into
oneregion, it aso causes object boundariesto be blurredin
the color-feature image. As a result, boundaries in the raw
cluster-membership image do not align exactly with bound-
ariesintheoriginal image. In order to mitigatethis problem,
we perform a simpl e postprocessing step:

1. Find the color histogram of each region (minus its
boundary) using the original pixel colors (before
smoothing).

2. For each pixd (in color bin 7) on the boundary between
two or moreregions, reassignittotheregionwhosehis-
togram vauei islargest. (Thisisthe maximum likeli-
hood estimate of the region membership based on the
regions' color distribution.)

We iterate this process four times. (We have found that the
boundaries from the EM clustering are rarely misaligned
with the true object boundaries by more than four pixels.)

Finally, to enforce a minimal amount of spatial smooth-
ness in thefinal segmentation, we apply a3 x 3 maximum-
votefilter to the output of the postprocessing step (see Fig-
ure 2(e)).

The segmentation process (mostly Matlab code) takes 5—
7 minutes per image on a 300MHz Pentium I1. We process
the images offline and on multiple machines in paralld.



3.3 Segmentation results

Figures 5-6 show thefina segmentation of 80 randomly
selected images. (Segmentationsfor al 10,000 images may
be seen at http://elib.cs.berkeley.edu/segmentation.) The
segmentation results are generally good, but severa kinds
of “errors’ may be seen in afew of the images:

o Large background areas may be arbitrarily split into
tworegionsdueto the use of positioninthefeature vec-
tor.

e The region boundaries sometimes do not follow ob-
ject boundaries exactly, even when the object bound-
ary isvisually quite apparent. This occurs because the
color featureisaveraged across object boundaries. This
problemismitigated but not entirely eliminated by the
postprocessing described in Section 3.2.

¢ In some cases the object of interest is missed, split, or
merged with other regionsbecauseitisnot visually dis-
tinct. This occurs in such cases as camouflaged chee-
tahs and el ephants which merge with the background.
These are not actually errors of the segmentation a go-
rithm, since finding the “correct” segmentation would
rely on high-level semantic knowledge.

¢ Inrarecasesavisudly distinct object issimply missed.
This error occurs mainly when no initial mean falls
near the object’sfeature vectors.

The first effect does not hamper query performance; over-
segmenting uniform background regions just yields two
blobs with similar color and texture descriptors, and the
shape of background blobsisnot important. Missingthetrue
object boundary simply perturbs the region’s color and tex-
ture descriptors dightly. Missing hard-to-find objects may
cause those images not to be ranked highly in a query; how-
ever, users are generdly looking for good examples of an
easily visibleobject, so the practical effect on query perfor-
manceisminimal. Thelast error truly hampers performance,
becauseit causes goodimagesto be missed inthequery. For-
tunately, thiserror occurs only rarely.

4 Describingtheregions

We store a ssimpl e description of each region’s color and
texture characteristics.

In order to represent the col or distribution of each region,
we storethe color histogram of the pixelsintheregion. This
histogramis based on binswith width 20 in each dimension
of L*a*b* space. Thisspacing yieldsfive binsinthe L* di-
mension and ten binsin each of the a* and b* dimensions,
for atotal of 500 bins. However, not al of these bins are
valid; the gamut correspondingto0 < R,G,B < 1 con-
tains only 218 binsthat can befilled.

To match the color of two regions, we use the quadratic
distance between their histogramsx and y [18]:

diii(x,y) = (x—y)TA(x —y)

where A = [a;;] isasymmetric matrix of weightsbetween 0
and 1 representing the similarity between bins: and j based
on the distance between the bin centers; neighboring bins
haveaweight of 0.5. Thisdistance measure alowsustogive
a high score to two regions with similar colors, even if the
colorsfall in different histogram bins.

For each blob we store the mean texture contrast and
anisotropy. The distance between two texture descriptorsis
defined as the Euclidean distance between their respective
values of contrast and anisotropy x contrast. (Anisotropy is
modul ated by contrast because it is meaninglessin areas of
low contrast.) We do not include polarity in the region de-
scription because it is generaly large only along edges; it
would not help us distinguish among different kinds of re-
gions.



Figure 5. Segmentation of randomly selected images of tigers, cheetahs/leopards/jaguars, zebras, airplanes, and bald eagles. Boundaries
and regions smaller than 1% of the image (which do not become blobs) are shown in gray.



Figure 6. Segmentations of randomly selected images of black bears, elephants, brown bears, polar bears, and brown horses. Boundaries
and regions smaller than 1% of the image (which do not become blobs) are shown in gray.



5 Imageretrieval by querying

In the past few years a variety of image retrieval sys-
tems have become available. Most of these systems oper-
ate in a similar way: the user performs a query by choos-
ing an image which is somewhat similar to the desired im-
age (or by submitting a sketch of the desired image) and set-
ting a few “knobs’ to specify which properties (e.g., over-
all color, overal texture, composition) are important to the
guery. Upon seeing the query results, the user may adjust the
knobs and submit a new query based on the origina image
or oneof thereturnedimages. In afew systems, the user may
also label theretrieved images as good or bad matchesin or-
der to provide more information to the retrieval agorithm;
thisiscalled relevance feedback [19].

Two major shortcomings of such interfaces are a lack
of user control and the absence of information about the
computer’sview of theimage. Unlikewith text searches, in
which the user can see the features (words) in a document,
none of the current image retrieval systems alows the user
to see exactly what the system is looking for in response
to a query. As a result, a query for a bear can return just
about anything if the query is not based on image regions,
the segmentationfailsto “find” the bear inthe submittedim-
age, or the submitted image contains other distinctive ob-
jects. Without knowing that the input image was not prop-
erly processed, the user can only wonder what went wrong.
In order to help the user formul ate effective queriesand un-
derstand their results, aswell asto minimize disappointment
due to overly optimistic expectations of the system, we be-
lieve the system should display itsrepresentation of the sub-
mitted and returned images and should allow the user to
specify which aspects of that representation are relevant to
the query.

5.1 Queryingin Blobworld

In our system, the user composes a query by submitting
an imagetothe segmentation/featureextraction algorithmin
order to seeitsBlobworld representation, sel ecting the blobs
to match, and finally specifying the relative importance of
the blob features. (Query performance is robust to changes
in the blob and feature weights; perturbing the weights usu-
ally changes the query resultsonly dightly.)

We define an “atomic query” as one which specifies a
particular blob to match (e.g., “like-blob-1"). A “compound
guery” is defined as either an atomic query or aconjunction
or digunction of compound queries (“like-blob-1 and like-
blob-2"). The user may aso specify two blobs with a par-
ticular spatia relationship as an atomic query (“like-blob-1-
left-of-blob-2").

Once a compound query is specified, we score each
database image based on how closely it satisfies the com-
pound query. The score y; for each atomic query (like-blob-
i) with feature vector v; is calculated asfollows:
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1. For each blob &; in the database image (with festure
VeCtor v;):

(8) Find the Mahaanobis distance between v; and
vitdi = (vi = v;)TB(vi —v;).
(b) Mesasure the similarity between the two blobs us-

ing p;; = e—d%. Thisscoreis1if the blobs are
identical in al relevant features; it decreases as
the match becomes less perfect.

2. Take pu; = max; ;.

The matrix X is block diagonal. The block correspond-
ing to the texturefeaturesis an identity matrix, weighted by
the texture weight set by the user. The block correspond-
ing to the color features isthe A matrix used in finding the
guadratic distance, weighted by the color weight set by the
user.

The compound query score for the database imageiscal-
culated using fuzzy-logic operations [23]. For example, if
the query is “like-blob-1 and (like-blob-2 or like-blob-3),”
the overall score for the image is min{p1, max{ps, us}}.
The user can aso specify a weighting o; for each atomic
query. If “like-blob-i" is part of a digunction in the com-
pound query, the weighted score for atomic query ¢ is p;
oy if it isin a conjunction, its weighted score is p!
1_0'2"(1_/12')-

We then rank the images according to overal score and
return the best matches, indicating for each image which set
of blobs provided the highest score; thisinformation helps
the user refine the query. After reviewing the query results,
the user may change the weighting of the blob features or
may specify new blobsto match and then issue anew query.

Including the background

In many cases desired images are characterized by one
important object and a distinctive background (e.g., an ea
gle in the sky). In order to facilitate such queries, we al-
low the user to choose “background” rather than a second
blob. When thisoptionisused, the score for each blobinthe
database image is based on the distance between the query
blob and the database blob as well as the distance between
the color histogram of the complement of the query blob
(i.e., dl pixels not in the query blob) and the complement
of the database blob. Note that thisis quite different from
matching globa histograms of the entire image, as we are
till looking for regions of coherent color and texture.

5.2 Reaults

We have performed a variety of queries using a set of
10,000 images from the commercia Corel stock photo
collection. The query system isonline at
http://elib.cs.berkel ey. edu/ phot os/ bl obwor | d.



Sample queries are shown in Figures 7-10. Queries on
10,000 images require 10-15 seconds for global histogram
and single-blob queries, 2025 seconds for two-blob
queries, and 35-55 seconds for blob+background queries.
(The Web server is adual-processor 167 MHz UltraSparc.)
Elsewhere we describe an indexing scheme which provides
faster retrieval with only asmall reduction in precision [7].

5.3 Comparison to global histograms

We expected that Blobworld querying would perform
well in cases where a distinctive object is centra to the
guery. In order to test this hypothesis, we performed 50
gueries using both Blobworld and globa color and texture
histograms.

We sel ected ten object categories: airplanes, black bears,
brown bears, cheetahs, eagles, elephants, horses, polar
bears, tigers, and zebras. There were between 30 and 200 ex-
amples of each category among the 10,000 images.

We compared the Blobworld results to a ranking algo-
rithmthat used theglobal col or and texture histogramsof the
same 10,000 images. The color histograms used the same
218 bins as Blobworld, along with the same quadratic dis-
tance. For texture histograms, we discretized the two texture
features into 21 bins each. When using global histograms,
we found that color carried most of the useful information;
varying the texture weight made very little difference to the
query results.

For each category we tested queries using two blobs, one
blob plus background, and global histograms. In each case
we performed a few test queries to select the weights for
color and texture and for each blob. We then queried using
five new images. (We used the same weights for each im-
age in a category.) In Figure 11 we plot the average preci-
sion (thefraction of retrieved imageswhich arerelevant) vs.
recall (the fraction of relevant images which are retrieved)
for each of the ten categories. (The 10,000 database im-
ages were marked as “relevant” or “not relevant” to each
category—i.e., containing the object or not—by a human ob-
server.)

The results indicate that the categories fal into four
groups:

distinctiveobjects: The color and texture of chee-
tahs, tigers, and zebras are quite distinctive, and
Blobworld performance (using either two blobs or
blob+background) is better than global histogram
performance.

distinctive scenes. For most of the airplaneimages, theen-
tire scene is distinctive (a small gray object and large
amountsof blue), but theairplaneregionitself hasquite
acommon (and variable) color and texture. Global his-
tograms do better than Blobworld in the airplane cat-

1

egory. Global histograms are aso dightly better than
Blobworld on brown bear images.

distinctiveobjects and scenes: Bald eagle images are
characterized by both a somewhat distinctive object
and a distinctive background. Blob+background
gueries perform much better in this category than both
two-blob and globa histogram queries. (Contrast this
to the airplane case; bald eagles are much more con-
sistent in color than are airplanes.) Blob+background
queries for black bears aso perform better than both
two-blob and globa histogram queries.

other: The two methods perform comparably on the other
categories: elephants, polar bears, and brown horses.
Blobs with the same color and texture as these ob-
jectsare common in the database, but the overall scene
(a general outdoor scene) is aso common, so neither
Blobworld nor global histograms has an advantage,
given that we used only color and texture. However,
histograms can be taken no further, while Blobworld
has much room | eft for improvement. For example, the
shapes of elephants, bears, and horses (as well as air-
planes and other objects) are distinctive.

These results support our hypothesis that Blobworld
yields good results when querying for distinctive objects.

In addition to better query performance, Blobworld has
other advantages relative to global histograms. For exam-
ple, we have developed a sketch interface that allows a user
to construct a query by drawing several blobs and specify-
ingtheir characteristics; buildingaquery inthisway ismuch
moreintuitivethan specifying aglobal color histogramfrom
scratch. In addition, Blobworld has the potentia to incor-
porate shape information in the region description, while
global histograms (as well as methodsincorporating simple
gpatial informationinthecolor histogram) do not encode the
region information necessary to perform shape queries.
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Figure 7. Blobworld query for tiger images using two blobs. The
overall weights are 1.0 for the tiger blob and 0.5 for the grass
blob. For both blobs, the color weight is 1.0 and the texture weight
is 0.5.

Figure 9. Blobworld query for cheetah images using one blob
plus the background. The overall weights are 1.0 for the chee-
tah blob and 0.5 for the background. For the cheetah blob, both
color and texture weights are 1.0. (Only color is used for the back-
ground score.)
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Figure 10. Blobworld query for airplane images using one blob
plus the background. The overall weights are 0.5 for the airplane

Figure 8. Blobworld query for zebra images using two blobs. The blob and 1.0 for the background. For the airplane blob, the color
overall weights are 1.0 for the zebra blob and 0.5 for the grass weight is 1.0 and the texture weight is 0.5. (Only color is used for
blob. For the zebra blob, both color and texture weights are 1.0. the background score.)

For the grass blob, the color weight is 1.0 and the texture weight

is 0.5.
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Figure 11. Precision vs. recall of queries using two blobs, one blob plus background, and global histograms for ten categories. Blobworld
performs better on queries for distinctive objects such as tigers, cheetahs, and zebras, while global histograms perform better on queries
for distinctive scenes such as airplane scenes. Queries using one blob plus the background do better than both two-blob queries and global
histogram queries for eagles and black bears, where both the object and the scene are distinctive. (Chance would yield precision ranging
from 0.003 for zebras to 0.02 for airplanes.)
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54 Why are some queries harder than oth-
ers?

In addition to the variation in relative performance be-
tween Blobworld and globa histograms in several cate-
gories, there is aso a variation in absolute performance
among the categories. Queries for tigers, cheetahs, zebras,
bald eagles, and brown horses are “easy” in that they yield
high precision for at least one of the query types. Queries
for elephants, black bears, and polar bears, in contrast, are
“hard”—all query typesyield low precision for these objects.
Intuitively, the latter categories are difficult because the ob-
jects and scenes are not distinctive; there are thousands of
images in the database with gray, brown, or white blobs set
inan outdoor scene. Animagein one of these categorieswill
have alarge number of images from other categories nearby
in the description space, which will result in low query pre-
cision.

Thisintuitioncan be quantified by examining the score of
images returned near thetop but not at the top of the ranked
list. Most of theseimages are fal se positives; their scoresin-
dicate how close they are to the query image and thus sug-
gest how many fase positives are located near the query
image. For each of the two-blob queries, we examined the
score of the image ranked 50th (as calculated by the query
algorithm) and the precision of the top 50 images (based on
groundtruth). Wefind that querieswith high scores, and thus
many nearby neighbors, generally have low precision. Fig-
ure 12 shows the expected strong negative correlation (lin-
ear correlation coefficient = -0.59) between the score of the
image ranked 50th and the precision of the top 50 images.
These results support the intuition that “hard” queries are
characterized by having many nearby neighborsin the de-
scription space.

6 Discussion

The basic goa in content-based image retrieval is to
bridgethe gap from the low-level image properties (“ stuff”)
we can directly access to the objects (“things’) users gener-
ally want to find in image databases; we see image retrieval
as ultimately an object recognition problem. We propose a
genera approach to this problem, to proceed in three steps:

1. Group pixelsinto regions which are coherent in low-
level properties and which generally correspond to ob-
jectsor parts of objects.

2. Describe these regions in ways that are meaningful to
the user.

3. Access these region descriptions, either automatically
or with user intervention, to retrieve desired images.

In the current implementation we group pixels into re-
gions by modeling the joint distribution of color, texture,
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Figure 12. Scatterplot of precision of top 50 retrieved images vs.
score of image ranked in 50th place. Data are from five queries
in each of ten categories, using two blobs. The linear correlation
coefficient is -0.59, indicating a strong negative correlation. The
best-fitting line is shown.

and position features with a mixture of Gaussians using
Expectation-Maximization and the Minimum Description
Length principle. After grouping, we describe the regions
using simple color and texture properties. Finally, we access
these descriptionsin a querying framework to retrieve im-
ages.

This approach is modular; the three stages are separate
and somewhat independent. In the future we might replace
or improve the three modules:

1. Since any segmentation algorithm will sometimes
oversegment objects, we might include a grouping a-
gorithm in the system to build objects out of object
parts. For example, azebramay be oversegmented into
trunk, legs, and head; we would like to recognize that
the stripes are similar and group the partsinto one re-
gion. One such agorithm would use Gestalt factors
[45] such as proximity, similarity, and symmetry tojoin
segmented regions into groupsthat are likely to corre-
spond to complete objects. We might also use simple
object modelsto hypothesi ze groupings.

2. Our current features clearly do not encode al the im-
portant information about the blob: a zebra is funda-
mentally different from a striped awning, and shape is
the defining feature that differentiates the two.

3. We plan to explore automatic classification of images
into categories based on the region descriptions. We
might also use information about the spatia relation-
shipsamong blobsfor both querying and classification.



(One possibility is the body plan approach of Forsyth
and Fleck [12].)

Added complexity in the latter stages depends to some
extent on improvements in thefirst stage; richer shape and
configuration information will be most useful if segmenta-
tion quality improves.

Finally, some remarks on the broader implicationsof this
line of research to computer vision in generad. It is a com-
mon belief in the computer vision community that general-
purposeimage segmentation isahopelessgoal. Thishasled
to two distinct responsesin the content-based querying com-
munity and the object recognition community. Researchers
interested in content-based querying have focused on de-
scriptors such as color histograms which can operate in the
absence of segmentation; researchers in object recognition
have either set up situations where segmentation is not an
issue (putting the object on a black background is a stan-
dard trick) or searched for awell-defined, specific, geomet-
ric model or photometric template in the image.

Our belief isthat segmentation, whileimperfect, isan es-
sentia first step, as the combinatorics of searching for all
possibleinstances of a class is intractable. A combined ar-
chitecture for segmentation and recognitionis needed, anal -
ogous to inference using Hidden Markov Modelsin speech
recognition. We cannot claim that our framework provides
an ultimate solution to this central problem in computer vi-
sion. What the task does offer are a number of desirable
attributes as a testbed: a richness of imagery that excludes
“cheat” solutions, something like the right kind of modules,
and auseful and important rolefor learning to captureintra-
class variations. The resultsin this paper provide abasdine
performance on awidely availableimage dataset that could
be used for testing other proposed approaches. Individual
modules can aso be tested for their impact on overal per-
formance.
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