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Abstract
Content-based image database retrieval has become an active research eld in recent years due to the
rapid growth of digital image and video storage. We present here SIMPLIcity (Semantics-sensitive Integrated Matching for Picture LIbraries), an image database retrieval system, using high-level semantics
classi cation and integrated region matching based upon image segmentation. The SIMPLIcity system
represents an image by a set of regions, roughly corresponding to objects, which are characterized by color,
texture, shape, and location. Based on segmented regions, the system classi es images into categories
which are intended to distinguish semantically meaningful di erences. These high-level categories, such
as textured-nontextured, indoor-outdoor, objectionable-benign, graph-photograph, enhance retrieval by
narrowing down the searching range in a database and permitting semantically adaptive searching methods. A measure for the overall similarity between images is de ned by a region-matching scheme that
integrates properties of all the regions in the images. Armed with this global similarity measure, the
system provides users a simple querying interface. The integrated region matching (IRM) similarity
measure is insensitive to inaccurate segmentation. The application of SIMPLIcity to a database of about
60,000 general-purpose images shows robustness to cropping, scaling, shifting, and rotation. Compared
with the WBIIS algorithm, SIMPLIcity in general achieves more accurate retrieval at higher speed.
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1 Introduction
With the steady growth of computer power, rapidly declining cost of storage devices, and ever-increasing
access to the Internet, digital acquisition of information has become increasingly popular in recent years.
Digital information is preferable because of its easy sharing and distribution properties. This trend has
motivated research in image databases, which was nearly ignored by traditional computer systems because
of the large amount of data required to represent images and the diculty of automatically analyzing images.
Currently, storage is less of an issue since huge storage capacity is available at low cost. However, the ecient
indexing and searching of large-scale image databases remains as a challenge for computer systems. The
automatic derivation of semantics from the content of an image is the focus of interest for research on image
databases.

1.1 Related Work in Content-based Image Retrieval
Many content-based image database retrieval systems have been developed, such as the IBM QBIC System [3, 4] developed at the IBM Almaden Research Center, the Photobook System developed by the MIT
Media Lab [16, 15], the WBIIS System [23] developed at Stanford University, and the Blobworld System [1]
developed at U.C. Berkeley. The common ground for content-based image retrieval systems is to extract a
signature for every image based on its pixel values, and to de ne a rule for comparing images. This signature
serves as an image representation in the `view' of a retrieval system. The components of the signature are
usually called features. One advantage of using a signature instead of the original pixel values is the signi cant simpli cation of image representation. However, a more important reason for using the signature is the
improved correlation with image semantics. Actually, the main task of designing a signature is to bridge the
gap between image semantics and the pixel representation, that is, to create better correlation with image semantics. The human vision system (HVS), which may be regarded as a perfect image analyzer, after looking
at an image may represent the image as \some brown horses on grass." With the same image, an example
signature stored in a database might be \90% of the image is green and 10% is brown." Content-based image
database retrieval systems roughly fall into three categories depending on the signature extraction approach
used: histogram, color layout, and region-based search. We will brie y review these methods later in this
section. There are also systems that combine retrieval results from individual algorithms by a weighted sum
matching metric [6, 4], or other merging schemes [18].
After extracting signatures, the next step is to determine a comparison rule, including a querying scheme
and the de nition of a similarity measure between images. Most image retrieval systems perform a query by
having the user specify an image; the system then searches for images similar to the speci ed one. We refer
to this as global search, since similarity is based on the overall properties of images. In contrast to global
search, there are also systems that retrieve based on a particular region in an image, such as the NeTra
system [11] and the Blobworld system [1]. This querying scheme is referred to as partial search.
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1.1.1 Histogram Search
For histogram search [14, 4, 17], an image is characterized by its color histogram. The drawback of histogram
representation is over-summarization. Information about object location, shape, and texture is discarded.

1.1.2 Color Layout Search
The \color layout" approach attacks the problems with histogram search to a certain extent. For traditional
color layout indexing [14], images are partitioned into blocks and the average color of each block is stored.
Thus, the color layout is essentially a low resolution representation of the original image. More advanced
systems [23] use signi cant wavelet coecients instead of averaging. By adjusting block sizes or the levels of
wavelet transforms, the coarseness of a color layout representation can be tuned. The nest color layout using
a single pixel block is the original pixel representation. We can hence view a color layout representation as an
opposite extreme of a histogram, which naturally retains shape, location, and texture information if at proper
resolutions. However, as with pixel representation, although information such as shape is preserved in the
color layout representation, the retrieval system cannot \see" it explicitly. Color layout search is sensitive
to shifting, cropping, scaling, and rotation because images are characterized by a set of local properties.
One approach taken by the WALRUS system [13] to reduce the shifting and scaling sensitivity for color
layout search is to exhaustively reproduce many subimages based on an original image. The subimages are
formed by sliding windows of various sizes and a color layout signature is computed for every subimage.
The similarity between images is then determined by comparing the signatures of subimages. An obvious
drawback of the system is the sharply increased computational complexity due to exhaustive generation
of subimages. Furthermore, texture and shape information is discarded in the signatures because every
subimage is partitioned into four blocks and only average colors of the blocks are used as features. This
system is also limited to intensity-level image representations.

1.1.3 Region-based Search
Region-based retrieval systems attempt to overcome the issues with color layout search by representing
images at the object-level. A region-based retrieval system applies image segmentation to decompose an
image into regions, which correspond to objects if the decomposition is ideal. The object-level representation
is close to the perception of the human visual system. Since the retrieval system has identi ed what objects
are in the image, it is easier for the system to recognize similar objects at di erent locations and with
di erent orientations and sizes. Region-based retrieval systems include the Netra system [11], the Blobworld
system [1], and the query system with color region templates [19].
The NeTra system [11] and the Blobworld system [1] compare images based on individual regions. Although querying based on a limited number of regions is allowed, the query is performed by merging singleregion query results. The motivation is to shift part of the comparison task to the users. To query an image,
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a user is provided with the segmented regions of the image, and is required to select the region to be matched
and also attributes, e.g., color and texture, of the region to be used for evaluating similarity. Such querying
systems provide more control to the users. However, the key pitfall is that the user's semantic understanding
of an image is at a higher level than the region representation. When a user submits a query image of a
horse on grass, the intent is most likely to retrieve images with horses. But since the concept of horses is
not explicitly given in region representations, the user has to convert the concept into shape, color, texture,
location, or combinations of them. For objects without distinctive attributes, such as special texture, it
is not obvious for the user how to select a query from the large variety of choices. Thus, such a querying
scheme may add burdens on users without any reward. On the other hand, because of the great diculty
of achieving accurate segmentation, systems in [11, 1] tend to partition one object into several regions with
none of them being representative for the object, especially for images without distinctive objects and scenes.
Queries based on such regions often yield images that are indirectly related to the query image.
Not much attention has been paid to developing similarity measures that combine information from
all of the regions. One work in this direction is the querying system developed by Smith and Li [19].
Their system decomposes an image into regions with characterizations pre-de ned in a nite pattern library.
With every pattern labeled by a symbol, images are then represented by region strings. Region strings
are converted to composite region template (CRT) descriptor matrices that provide the relative ordering of
symbols. Similarity between images is measured by the closeness between the CRT descriptor matrices. This
measure is sensitive to object shifting since a CRT matrix is determined solely by the ordering of symbols.
Robustness to scaling and rotation is also not considered by the measure. Because the de nition of the CRT
descriptor matrix relies on the pattern library, the system performance depends critically on the library. The
performance degrades if regions in an image are not represented in the library. The system in [19] uses a
CRT library with patterns described only by color. In particular, the patterns are obtained by quantizing
color space. If texture and shape features are used to distinguish patterns, the number of patterns in the
library will increase dramatically, roughly exponentially in the number of features if patterns are obtained
by uniformly quantizing features.

1.2 Related Work in Image Semantic Classi cation
Although region-based systems attempt to decompose images into constituent objects, a representation
composed of pictorial properties of regions is indirectly related to its semantics. There is no clear mapping
from a set of pictorial properties to semantics. An approximately round brown region might be a ower, an
apple, a face, or a part of sunset sky. Moreover, pictorial properties such as color, shape, and texture of an
object vary dramatically in di erent images. If a system understood the semantics of images, it would be
capable of fast and accurate search. However, due to the great diculty of understanding images, not much
success has been achieved in identifying high-level semantics for the purpose of image retrieval. Therefore,
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most systems are con ned to matching images with low-level pictorial properties.
Despite the fact that it is currently impossible to reliably recognize objects in general-purpose images,
there are methods to distinguish certain semantic types of images. Any information about semantic types is
helpful since a system can constrict the search to images with a particular semantic type. The system can
also improve retrieval by using various matching schemes tuned to the semantic class of the query image.
One example of semantics classi cation is the identi cation of natural photographs and arti cial graphs
generated by computer tools [10, 24]. Other examples include the system to detect objectionable images
developed by Wang et al. [24] and the system to classify indoor and outdoor scenes developed by Szummer
and Picard [21]. Wang and Fischler [25] have shown that rough but accurate semantic understanding can be
very helpful in computer vision tasks such as image stereo matching. Most of these systems use statistical
classi cation methods based on training data.

1.3 Overview of the SIMPLIcity Retrieval System
We now present the major contributions of our proposed SIMPLIcity (Semantics-sensitive Integrated Matching for Picture LIbraries) system.

1.3.1 Novel Image Retrieval Architecture
The architecture of the SIMPLIcity system is described by Figure 1, the indexing process, and Figure 2, the
querying process. During indexing, the system partitions an image into 4  4 pixel blocks and extracts a
feature vector for each block. The k-means clustering [8] algorithm is then used to segment the image. The
segmentation result is fed into a classi er that decides the semantic type of the image. An image is classi ed
as one of the n pre-de ned mutually exclusive and collectively exhaustive semantic classes. As indicated
previously, examples of semantic types are indoor-outdoor, objectionable-benign, and graph-photograph
images. Features including color, texture, shape, and location information are then extracted for each region
in the image. The features selected depend on the semantic type of the image. The signature of an image is
the collection of features for all of its regions. Signatures of images with various semantic types are stored
in separate databases.
In the querying process, if the query image is not in the database, it is rst passed through the same
feature extraction process as was used during indexing. For an image in the database, its semantic type is
rst checked and then its signature is extracted from the corresponding database. Once the signature of
the query image is obtained, similarity scores between the query image and images in the database with the
same semantic type are computed and sorted to provide the list of images that appear to have the closest
semantics.
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Figure 1: The architecture of feature indexing module. The heavy lines show a sample indexing path of an
image.
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Figure 2: The architecture of query processing module. The heavy lines show a sample querying path of an
image.
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1.3.2 Textured and non-textured Image Classi cation
For the current implementation of the SIMPLIcity system, we are particularly interested in classifying images
into the classes textured and non-textured. By textured images, we refer to images that are composed of
repeated patterns and appear like a unique texture surface, as shown in Figure 3. As textured images do not
contain clustered objects, the perception of such images focuses on color and texture, but not shape, which
is critical for understanding non-textured images. Thus an ecient retrieval system should use di erent
features to depict the two types of images. To our knowledge, the problem of distinguishing textured images
and non-textured images has not been explored in the image retrieval literature. In this paper, we describe
an algorithm to detect texture images based on segmentation results.

Figure 3: Sample textured images.

1.3.3 Integrated Region Matching (IRM) Similarity Measure
Besides using high-level semantics classi cation, another strategy of SIMPLIcity to shorten the distance
between the region representation of an image and its semantics is to de ne a similarity measure between
images based on the properties of all the segmented regions so that information about an image can be
fully used. In many cases, knowing that one object usually appears with another object helps to clarify the
semantics of a particular region. For example, owers often appear with green leaves, and boats usually
appear with water.
By de ning an overall similarity measure, the SIMPLIcity system provides users with a simple querying
interface. To complete a query, a user only needs to specify the query image. Compared with retrieval based
on individual regions, the overall similarity approach also reduces the in uence of inaccurate segmentation.
Mathematically, de ning the similarity measure is equivalent to de ning a distance between sets of points
in a high dimensional space, i.e., the feature space. Every point in the space corresponds to the feature vector,
or the descriptor, of a region. Although distance between two points in feature space can be easily de ned
by the Euclidean distance, it is not obvious how to de ne a distance between sets of points that corresponds
to a person's concept of semantic \closeness" of two images. We expect a good distance to take all the points
in a set into consideration and to be tolerant to inaccurate image segmentation. To de ne the similarity
measure, we rst attempt to match regions in two images. Being aware that segmentation cannot be perfect,
we \soften" the matching by allowing one region to be matched to several regions with signi cance scores.
The principle of matching is that the closest region pair is matched rst. We call this matching scheme
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integrated region matching (IRM) to stress the incorporation of regions in the retrieval process. After regions

are matched, the similarity measure is computed as a weighted sum of the similarity between region pairs,
with weights determined by the matching scheme.

1.4 Outline of the Paper
The outline of the remainder of the paper is as follows. In Section 2, the image segmentation algorithm used
by the SIMPLIcity system is described. We then present the classi cation algorithm for detecting textured
images in Section 3. The similarity measure based on segmentation is de ned in Section 4. In Section 5, we
describe experiments and provide results. We conclude and suggest future research in Section 6.

2 Image Segmentation
This section describes our image segmentation procedure based on color and frequency features using the
k-means algorithm [8]. For general-purpose images such as the images in a photo library or the images
on the World-Wide Web (WWW), automatic image segmentation is almost as dicult as automatic image
semantic understanding. Currently there is no existing non-stereo image segmentation algorithm that can
perform at the level of the HVS. The segmentation accuracy of our system is not crucial because we use a
more robust integrated region-matching (IRM) scheme which is insensitive to inaccurate segmentation.
To segment an image, SIMPLIcity partitions the image into blocks with 4  4 pixels and extracts a feature
vector for each block. The k-means algorithm is used to cluster the feature vectors into several classes with
every class corresponding to one region in the segmented image. The k-means algorithm does not specify
how many clusters to choose. We adaptively choose the number of clusters k by gradually increasing k and
stop when a criterion is met. We start with k = 2 and stop increasing k if one of the following conditions is
satis ed.
1. The distortion D(k) is below a threshold.
2. The rst derivative of distortion with respect to k, D(k),D(k ,1), is below a threshold with comparison
to the average derivative at k = 2; 3.
3. The number k exceeds an upper bound.
Six features are used for segmentation. Three of them are the average color components in a 4  4 block.
The other three represent energy in high frequency bands of wavelet transforms [2, 12], that is, the square
root of the second order moment of wavelet coecients in high frequency bands. We use the well-known
LUV color space, where L encodes luminance, U and V encode color information (chrominance). To obtain
the other three features, the Haar wavelet transform is applied to the L component of the image. After a
one-level wavelet transform, a 4  4 block is decomposed into four frequency bands as shown in Figure 4.
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Each band contains 2  2 coecients. Without loss of generality, suppose the coecients in the HL band
are fck;l ; ck;l+1; ck+1;l ; ck+1;l+1g. One feature is then computed as

1
0 1 1
X
X
1
c2k+i;l+j A :
f = @4
1
2

i=0 j =0

The other two features are computed similarly from the LH and HH bands. The motivation for using the
features extracted from high frequency bands is that they re ect texture properties. Moments of wavelet
coecients in various frequency bands have been shown to be e ective for representing texture [22]. The
intuition behind this is that coecients in di erent frequency bands show variations in di erent directions.
For example, the HL band shows activities in the horizontal direction. An image with vertical strips thus
has high energy in the HL band and low energy in the LH band.

original image

LL

HL

LH

HH

wavelet transform

Figure 4: Decomposition of images into frequency bands by wavelet transforms.
Examples of segmentation results for both texture and non-textured images are shown in Figure 5.
Segmented regions are shown in their representative colors. It takes about one second on average to segment
a 384  256 image on a Pentium Pro 430MHz PC using the Linux operating system. We do not apply
post-processing techniques to smooth region boundaries or to delete small isolated regions because these
errors are often less signi cant. Since our retrieval system is designed to tolerate inaccurate segmentation,
cleaning the segmentation results by post-processing (at the cost of speed) is unnecessary.

3 Classi cation of Textured and non-textured Images
In this section we describe the algorithm to classify images into the semantic classes textured or non-textured.
For textured images, color and texture are much more important perceptually than shape, since there are
no clustered objects. As shown by the segmentation results in Figure 5, regions in textured images tend to
scatter in the entire image, whereas non-textured images are usually partitioned into clumped regions. A
mathematical description of how evenly a region scatters in an image is the goodness of match between the
distribution of the region and a uniform distribution. The goodness of t is measured by the 2 statistics [20].
We partition an image evenly into 16 zones, fZ1 ; Z2; :::; Z16g. Suppose the image is segmented into
9

(a)

#regions=4
2 = 0:125

#regions=2
2 = 0:207

(b)

#regions=2
2 = 0:009

#regions=3
2 = 0:066

(c)

#regions=2
2 = 0:694

#regions=4
2 = 1:613

(d)

#regions=4
2 = 1:447

#regions=12
2 = 1:249

Figure 5: Segmentation results by the k-means clustering algorithm: (a) Original texture images, (b) Regions
of the texture images, (c) Original non-textured images, (d) Regions of the non-textured images.
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P

regions fri : i = 1; :::; mg. For each region ri, its percentage in zone Zj is pi;j , 16
j =1 pi;j = 1, i = 1; :::; m.
The uniform distribution over the zones should have probability mass function qj = 1=16, j = 1; :::; 16. The
2 statistics for region i, 2i , is computed by
2i =

16
16 (p , q )2 X
X
i;j
j
j =1

=

qj

j =1

1 )2
16(pi;j , 16

The classi cation of textured or non-textured image is performed by thresholding the average 2 statistics
P
for all the regions in the image, 2 = m1 mi=1 2i . If 2 < 0:32, the image is labeled as textured; otherwise,
non-textured. We randomly chose 100 textured images and 100 non-textured images and computed 2 for
them. The histograms of 2 for the two types of images are shown in Figure 6. It can be seen that the two
histograms separate signi cantly around the decision threshold 0:32.
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Figure 6: The histograms of average 2 's over 100 textured images and 100 non-textured images.

4 The Similarity Measure
4.1 Integrated Region Matching
In this section, we de ne the similarity measure between two sets of regions. Assume that Image 1 and 2
are represented by region sets R1 = fr1; r2; :::; rmg and R2 = fr10 ; r20 ; :::; rn0 g, where ri or ri0 is the descriptor
of region i. Denote the distance between region ri and rj0 as d(ri ; rj0 ), which is written as di;j in short.
Details about features included in ri and the de nition of d(ri; rj0 ) will be discussed later. To compute the
similarity measure between region sets R1 and R2, d(R1; R2), we rst match all regions in the two images.
The matching scheme attempts to mimic the image comparison process of the HVS. For example, when
the HVS judges the similarity of two animal photographs, it will rst compare the animals in the images,
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then compare the background areas in the images. The overall similarity of the two images depends on the
closeness in the two aspects. The correspondence between objects in the images is crucial for the HVS's
judgment of similarity. It would be meaningless to compare the animal in one image with the background
in another. Our matching scheme aims at building correspondence between regions that is consistent with
human perception. To increase robustness against segmentation errors, we allow a region to be matched to
several regions in another image. A matching between ri and rj0 is assigned with a signi cance credit si;j ,
si;j  0. The signi cance credit indicates the importance of the matching for determining similarity between
images. The matrix
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is referred to as the signi cance matrix.
A graphical explanation of the integrated matching scheme is provided in Figure 7. The gure shows that
matching between images can be represented by an edge weighted graph in which every vertex in the graph
corresponds to a region. If two vertices are connected, the two regions are matched with a signi cance credit
being the weight on the edge. To distinguish from matching two sets of regions, we refer to the matching
of two regions as they are linked. The length of an edge can be regarded as the distance between the two
regions represented. If two vertices are not connected, the corresponding regions are either from the same
image or the signi cance credit of matching them is zero. Every matching between images is characterized
by links between regions and their signi cance credits. The matching used to compute the distance between
two images is referred to as the admissible matching. The admissible matching is speci ed by conditions on
the signi cance matrix. If a graph represents an admissible matching, the distance between the two region
sets is the summation of all the weighted edge lengths, i.e.,
d(R1; R2) =

X
i;j

si;j di;j :

We call this distance the integrated region matching (IRM) distance.
1

2

3

Image 1
s1,1

s2,4
Image 2

a

b

c

d

Figure 7: Integrated region matching (IRM).
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The problem of de ning distance between region sets is then converted to choosing the signi cance matrix
S. A natural issue to raise is what constraints should be put on si;j so that the admissible matching yields
good similarity measure. In other words, what properties do we expect an admissible matching to possess?
The rst property we want to enforce is the ful llment of signi cance. Assume that the signi cance of ri in
Image 1 is pi, and rj0 in Image 2 is p0j , we require that
n
X
j =1
m
X
i=1

P

si;j = pi; i = 1; :::; m
si;j = p0j ; j = 1; :::; n :

P

For normalization, we have mi=1 pi = nj=1 p0j = 1. The ful llment of signi cance ensures that all the
regions play a role for measuring similarity. We also require an admissible matching to link the most similar
regions at the highest priority. For example, if two images are the same, the admissible matching should
link a region in Image 1 only to the same region in Image 2. With this matching, the distance between
the two images equals zero, which coincides with our intuition. Following the \most similar highest priority
(MSHP)" principle, the IRM algorithm attempts to ful ll the signi cance credits of regions by assigning as
much signi cance as possible to the region link with minimum distance. Initially, assume that di ;j is the
minimum distance, we set si ;j = min(pi ; p0j ). Without loss of generality, assume pi  p0j . Then si ;j = 0,
for j 6= j 0 since the link between region i0 and j 0 has lled the signi cance of region i0 . The signi cance
credit left for region j 0 is reduced to p0j , pi . The updated matching problem is then solving si;j , i 6= i0 , by
the MSHP rule under constraints:
0

0

0

0

X j=1
i:1im;i6=i

X

0

0

0

si;j = pi 1  i  m; i 6= i0
si;j = p0j 1  j  n; j 6= j 0

si;j = p0j , pi
0

i:1im;i6=i

0

0

0

n
X

0

0

0

0

0

si;j  0 1  i  m; i 6= i0 ; 1  j  n :

We apply the previous procedure to the updated problem. The iteration stops when all the signi cance
credits pi and p0j have been met. The algorithm is summarized as follows.
1. Set L = fg, denote M = f(i; j) : i = 1; :::; m; j = 1; :::; ng.
2. Choose the minimum di;j for (i; j) 2 M , L. Label the corresponding (i; j) as (i0 ; j 0 ).
3. min(pi ; p0j ) ! si ;j .
0

0

0

0

4. If pi < p0j , set si ;j = 0, j 6= j 0 ; otherwise, set si;j = 0, i 6= i0 .
0

0

0

0
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5. pi , min(pi ; p0j ) ! pi .
0

0

0

0

6. p0j , min(pi ; p0j ) ! p0j .
0

0

0

0

7. L + f(i0 ; j 0 )g ! L.

P
P
8. If mi=1 pi > 0 and nj=1 p0j > 0, go to Step 2; otherwise, stop.
We now come to the issue of choosing pi . The value of pi is chosen to re ect the signi cance of region i
in the image. If we assume that every region is equally important, then pi = 1=m, where m is the number
of regions. In the case that Image 1 and 2 have the same number of regions, a region in Image 1 is matched
exclusively to one region in Image 2. Another choice of pi is the percentage of the image covered by region
i based on the view that important objects in an image tend to occupy larger areas. We refer to this
assignment of pi as the area percentage scheme. This scheme is less sensitive to inaccurate segmentation
than the uniform scheme. If one object is partitioned into several regions, the uniform scheme raises its
signi cance improperly, whereas the area percentage scheme retains its signi cance. On the other hand, if
objects are merged into one region, the area percentage scheme assigns relatively high signi cance to the
region. The SIMPLIcity system uses the area percentage scheme.
The scheme of assigning signi cance credits can also take region location into consideration. For example,
higher signi cance may be assigned to regions in the center of an image than to those around boundaries.
Another way to count location in the similarity measure is to generalize the de nition of the IRM distance
to
d(R1; R2) =

X
i;j

si;j wi;j di;j :

The parameter wi;j is chosen to adjust the e ect of region i and j on the similarity measure. In the
SIMPLIcity system, regions around boundaries are slightly down-weighted by using this generalized IRM
distance.

4.2 Distance Between Regions
We now discuss the de nition of distance between a region pair, d(r; r0). The SIMPLIcity system characterizes
a region by color, texture, and shape. The feature extraction process is shown in Figure 8. We have described
in Section 2 the features used by the k-means algorithm for segmentation. The mean values of these features
in one cluster are used to represent color and texture in the corresponding region. To describe shape,
normalized inertia [5] of order 1 to 3 are used. For a region H in k dimensional Euclidean space Rk , its
normalized inertia of order is

R kx , x^k dx
H
l(H; ) = [V
(H)]1+ =k
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where x^ is the centroid of H and V (H) is the volume of H. Since an image is speci ed by pixels on a grid,
the discrete form of the normalized inertia is used, that is,

P

x:x2H kx , x^k
l(H; ) = [V
(H)]1+ =k

where V (H) is the number of pixels in region H. The normalized inertia is invariant with scaling and
rotation. The minimum normalized inertia is achieved by spheres. Denote the th order normalized inertia
of spheres as L . We de ne shape features as l(H; ) normalized by L :
f7 = l(H; 1)=L1 ; f8 = l(H; 2)=L2 ; f9 = l(H; 3)=L3 :
Color feature
extraction

r4

r5
r6

r1
r2

r3

......

r2

Texture feature
extraction

r1

color features

texture features

segmented
image
Shape feature
extraction

shape features*

Feature DB

Figure 8: Feature extraction in the SIMPLIcity system. * The computation of shape features is skipped for
textured images.
The computation of shape features is skipped for textured images because in this case region shape is
not important perceptually. The region distance d(r; r0) is de ned as
6
X
0
d(r; r ) = wi(fi , fi0 )2 :
i=1

For non-textured images, d(r; r0) is de ned as
d(r; r0) = g(ds (r; r0))  dt(r; r0) ;
where ds(r; r0) is the shape distance computed by
ds (r; r0) =

9
X
i=7

wi(fi , fi0 )2 ;

and dt(r; r0) is the color and texture distance de ned the same as the distance between textured image
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regions, i.e.,
dt(r; r0) =

6
X
i=1

wi (fi , fi0 )2 :

The function g(ds (r; r0)) is a converting function to ensure a proper in uence of the shape distance on the
total distance. In our system, it is de ned as

8
>
>
< 1 d  0:5
g(d) = > 0:85 0:2 < d  0:5
>
: 0:5 d < 0:2 :

It is observed that when ds (r; r0)  0:5, the two regions bear little resemblance. It is then not meaningful
to distinguish the extent of similarityby ds (r; r0) because perceptually the two regions simply appear di erent.
We thus set g(d) = 1 for d greater than a threshold. When ds(r; r0) is very small, we intend to keep the
in uence of color and texture. Therefore g(d) is bounded away from zero. We set g(d) to be a piece-wise
constant function instead of a smooth function for simplicity. Because rather simple shape features are used
in our system, we emphasize color and texture more than shape. As can be seen from the de nition of
d(r; r0), the shape distance serves as a \bonus." If two regions match very well in shape, their color and
texture distance is attenuated by a smaller weight to provide the nal distance.

5 Experiments
The SIMPLIcity system has been implemented with a general-purpose image database including about
60; 000 pictures, which are stored in JPEG format with size 384  256 or 256  384. These images were
segmented and classi ed into textured and non-textured types. For each image, the features, locations,
and areas of all its regions are stored. Textured images and non-textured images are stored in separate
databases. According to SIMPLIcity, there are 3772 texture images in the database, about 6% of the total
collection. Because the WBIIS system is the only other system we have access to, we compare the accuracy
of the SIMPLIcity system to that of the WBIIS system using the same database. Moreover, it is dicult
to design a fair comparison with existing region-based searching algorithms such as the Blobworld system
which depends on manually de ned complicated queries. An on-line demo is provided at URL:
http://WWW-DB.Stanford.EDU/wangz/project/imsearch/SIMPLIcity/ .

5.1 Accuracy Comparison with WBIIS
We compare the SIMPLIcity system with the WBIIS (Wavelet-Based Image Indexing and Searching) system [23] with the same image database. As WBIIS form image signatures using wavelet coecients in the
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lower frequency bands, it performs well with relatively smooth images, such as most landscape images. For
images with details crucial to semantics, such as pictures with people, the performance of WBIIS degrades.
In general, SIMPLIcity performs as well as WBIIS for smooth landscape images. One example is shown in
Figure 9. The query image is the image at the upper-left corner. The underlined numbers below the pictures
are the ID numbers of the images in the database. To view the images better or to see more matched images,
users can visit the demo web site and use the query image ID to repeat the retrieval.
SIMPLIcity also performs well for images composed of ne details. Retrieval results with a photo of a
hamburger as the query are shown in Figure 10. The SIMPLIcity system retrieves 10 images with food out
of the rst 11 matched images. The WBIIS system, however, does not retrieve any image with food in the
rst 11 matches. The top match made by SIMPLIcity is also a photo of hamburger, which is perceptually
very close to the query image. WBIIS misses this image because the query image contains important ne
details, which are smoothed out by the multi-level wavelet transform in the system. The smoothing also
causes a textured image (the third match) to be matched. Such errors are observed with many other images
abundant of details although they are perceptually very di erent from textured images. The SIMPLIcity
system, however, prevents textured images to be matched to non-textured images by classifying them before
searching.
Another three query examples are compared in Figure 11, 12, and 13. The query images in Figure 11
and 12 are dicult to match because objects in the images are not distinctive from the background. Moreover,
the color contrast for both images is small. It can be seen that the SIMPLIcity system achieves much better
retrieval. For the query in Figure 11, only the third matched image is not a picture of a person. A few
images, the 1st, 4th, 7th, and 8th matches, depict a similar topic as well, probably about life in Africa. The
query in Figure 13 also shows the advantages of SIMPLIcity. The system nds photos of similar owers with
di erent sizes and orientations. Only the 9th match does not have owers in it.
For textured images, SIMPLIcity and WBIIS often perform equally well. However, SIMPLIcity captures
high frequency texture information better. An example of textured image search is shown in Figure 14. The
granular surface in the query image is matched more accurately by the SIMPLIcity system.

5.2 Robustness to Scaling, Shifting, and Rotation
To show the robustness of the SIMPLIcity system to cropping and scaling, querying examples are provided
in Figure 15. As we can see, one query image is a cropped and scaled version of the other. Using either of
them as query, SIMPLIcity retrieves the other one as the top match. Retrieval results based on both of the
queries are good. However, the retrieval performed by WBIIS using one of the images misses the other one.
To test the robustness to shifting, we shifted two example images and used the shifted images as query
images. Results are shown in Figure 16. The original images are both retrieved as the top match. In both
cases, SIMPLIcity also nds many other semantically related images. This is expected since the shifted
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images are segmented into regions nearly the same as those of the original images. In general, if shifting
does not a ect region segmentation signi cantly, the system will be able to retrieve the original images with
a high rank.
Another example is provided in Figure 17 to show the e ect of rotation. SIMPLIcity retrieves the original
image as the top match. All the other images matched are also food pictures. For an image without strong
orientational texture, such as the query image in Figure 17, its rotation will be segmented into regions
with similar features. Therefore, SIMPLIcity will be able to match images similar to those retrieved by the
original image.

5.3 Speed
The algorithm has been implemented on a Pentium Pro 430MHz PC using the Linux operating system.
To compute the feature vectors for the 60; 000 color images of size 384  256 in our general-purpose image
database requires approximately 17 hours. On average, one second is needed to segment an image and to
compute the features of all regions.
The matching speed is very fast. When the query image is in the database, it takes about 1:5 seconds
of CPU time on average to sort all the images in the database using our similarity measure. If the query is
not in the database, one extra second of CPU time is spent to process the query.

SIMPLIcity

WBIIS

Figure 9: Comparison of SIMPLIcity and WBIIS. The query image is a landscape image on the upper-left
corner of each block of images.
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SIMPLIcity

WBIIS

Figure 10: Comparison of SIMPLIcity and WBIIS. The query image is a photo of food.

SIMPLIcity

WBIIS

Figure 11: Comparison of SIMPLIcity and WBIIS. The query image is a portrait image.
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SIMPLIcity

WBIIS

Figure 12: Comparison of SIMPLIcity and WBIIS. The query image is a portrait image.

SIMPLIcity

WBIIS

Figure 13: Comparison of SIMPLIcity and WBIIS. The query image is a photo of owers.
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SIMPLIcity

WBIIS

Figure 14: Comparison of SIMPLIcity and WBIIS. The query image is a textured image.

6 Conclusions and Future Work
An important contribution of this paper is the idea that images can be classi ed into global semantic classes,
such as textured or nontextured, indoor or outdoor, objectionable or benign, graph or photograph, and that
much can be gained if the feature extraction scheme is tailored to best suit each class. We have implemented
this idea in SIMPLIcity (Semantics-sensitive Integrated Matching for Picture LIbraries), an image database
retrieval system that uses high-level semantics classi cation and integrated region matching (IRM) based
upon image segmentation. A method for classifying textured or non-textured images using statistical testing
has been developed. A measure for the overall similarity between images, de ned by a region-matching
scheme that integrates properties of all the regions in the images, makes it possible to provide a simple
querying interface. The application of SIMPLIcity to a database of about 60,000 general-purpose images
shows more accurate and faster retrieval compared with the WBIIS algorithm. Additionally, SIMPLIcity is
robust to cropping, scaling, shifting, and rotation.
We are working on integrating more semantic classi cation algorithms to SIMPLIcity. In addition, it is
possible to improve the accuracy by developing a more robust region-matching scheme. The speed can be
improved signi cantly by adopting a feature clustering scheme or using a parallel query processing scheme.
We are also working on a simple but capable interface for partial query processing. Experiments with our
system on a WWW image database or a video database could be another interesting study.
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SIMPLIcity

SIMPLIcity

WBIIS

Figure 15: The robustness of the SIMPLIcity system to image cropping and scaling.
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(a)

(b)
Figure 16: The retrieval results made by the SIMPLIcity system with shifted query images.

Figure 17: The retrieval results made by the SIMPLIcity system with a rotated query image.
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