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Abstract the image intd: x k equal-sized sub-areas, and the color in-
formation within each sub-areais represented by a color his-

In this paper, we present an experimental evaluation of togram. The degree of similarity between the corresponding
three color-spatial retrieval techniques — the signature- jth histograms of two images Q and D, can be computed as
based technique, the partition-based algorithm and the follows:
cluster-based method. The experimental study is performed m
on animage database consisting of 12,000 images. Withthe 5, (9, p, j) = $ (1 - |NH;;(Q) — NHi;(D)] )
proliferation of image retrieval mechanisms and the lack of max(N H; ;(Q), NHi;(D))

extensive performance study, the experimental results can ]
serve as guidelines in selecting a suitable technique and deWherem is the number of colors supported by the system,
signing a new technique. NH; ;(IMG) is the normalized pixel count for colarof

the jth histogram of image IMG. Therefore, the degree of

similarity between two images Q and D is given as follows:

i=

1. Introduction L
S(Q,D) = 5 Y wt; x Su(Q, D, j)
In a color-spatial retrieval technique, the color informa- j=1

tion is integrated with the knowledge of the colors' spa- whereuwt; is a weight factor assigned to thih histogram.
tial distribution to facilitate content-based image retrieval. 2 . , )
Note thatzjz1 wt; = 1. By assigning a higher weightto a

However, existing work [2, 4, 5] have largely focused on j=1 =219 ;
the retrieval effectiveness of the proposed mechanisms, and’nstogram implies that the similarity value of that histogram
contributes more to the overall similarity computation of the

have been done with little comparative study. This pa- X
: : : fwo images.
per presents three color-spatial retrieval techniques — the To facili d ieval lov & Bree ind
partition-based approach, the signature-based algorithm and o facilitate spee y_retrleva,we_ employ & #ree index
the cluster-based method. We implemented the techniqueé’"hose I_<eys are (partltlon,qolor) pair. In this way, by travers-
and compare their retrieval effectiveness (in terms of nor- Ing the index, we can restrict the ;earch space to _olnly those
malized recall and precision) and retrieval efficiency (in images that have the same color in the same partition.
terms of the speed of retrieval). The latter is important since
a slow system will not be useful or practical for large im-
age databases. The experimental study is performed on an ] N .
image database consisting of 12,000 images. Our results 1he Signature-based approach [1] partitions an image

provide insights into the strengths and weaknesses of thesét0 @ grid ofm x n cells of equal size. For a given color,
techniques. To our knowledge, such empirical study is the €ach cell is examined to determine the percentage of the to-
first of its kind. tal number of pixels in the cell having that color. If this per-

centage is greater than a pre-defined threshold value, then
the cell is said to be represented by that color. Depending

2.2 Signature-based Approach

2. Integrated Color-Spatial Techniques on the threshold value, a cell may have no color represen-
N tative or it may have more than one representative. Given
2.1. Partition-based Approach a color, a cell is either represented or not represented by it.

As such, each cell can be represented by a bit — if the cell
In the partition-based color-spatial technique, the color- satisfies the threshold value, the bit is set; otherwise, it is
spatial information of an image is modeled by partitioning cleared. Hence, for each color, a bitstream (calleccther



signaturg that captures the spatial distribution of that color of the rectangles). Thé largest clusters will be picked as

is obtained. the dominant clusters to be used as the color-spatial infor-
Let @, andD; denote the signatures of coldior a query mation of the image.

image() and a database imagde respectively. Let the rep- Given two clusters, the amount of overlap would give a

resentative color sets @ and D be Cy andCp respec-  very good measure of the similarity between the two MBRs.

tively. Then, the similarity measurg(Q, D, i), betweer() Two rectangles overlap only if they have the same color, and

andD for a colori € Cg can be determined as: they intersect in the image space; the degree of overlap is
given by the number of pixels intersected. Therefore, the

S(0, D, i) = Z BS;% A'Dj) « SM i, j) similarity measure is given as follows:
S @) S

where BS(B) denotes the number of bits in the bitstream SIM(Q, D) =) Z Z overlap(Cq (i, k), Cp (i, k))

B that are set, and\" represents the bitwise logical-AND k=li=lg=1

operation. This computation also considers the contributionwhere N, is the total number of colors in the representa-
of the perceptually similar colors of colar S, is the set tive set, N/ ¢ is the total number of clusters of colrin

of colors that are perceptually similar to coloas derived  image/ M G, andoverlap(Cq (i, k), Cp(j, k)) is the inter-
from the color similarity matrixsA/. SM (7, j) denotesthe  section between clustél (i, k) and clusteCp (j, k).

(4, 7) entry of matrixSA/. The similarity measure between The retrieval process for this scheme works as follows.

two imagesy and D is then given by: The image database is initially preprocessed to determine
the clusters (color-spatial information) of the images. Given
S(Q,D) = Z S(Q, D, i) a sample query image, itsclusters are first extracted. The
VieCq color-spatial information of each image in the database is

then compared with those of the query image using the sim-

ilarity function described above. The images can then be

ranked based on the percentage of overlap, retrieved and
displayed in that order.

To speed up retrieval, we employ a multidimensional
index to handle the spatial distribution of the clusters in
whereC; andC., are the set of background and object colors the image. We choose to use the R-tree [3] structure, a
of  respectively, andst (> 1) is the weights given to the ~ multi-dimensional generalization of the B-tree, that pre-
object colors. A weight greater than 1 can be assigned to theserves height-balance.
object colors to give a higher weight to images with similar
object colors as that of the query image. 3. Performance Evaluation

Given a query image, its set of color signatures are ex-
tracted, and Compared against those stored in the database. A prototype image retrieval system is imp|emented ona
Database images that are similar can then be ranked and resyN Sparc Workstation running Solaris 2.5 using C/C++

A weighted similarity measure that favors some colors
over others can also be obtained:

Sweight(QaD) = Z S(Q,D,Z) + wi X Z S(Q,D,Z)

teC; t€Cc

trieved accordingly. programming language with the user interface written in
X/Motif. The image database holds the set of 12,000 im-
2.3. Clustered-based Approach ages used for testing. The images, together with the as-

sociated text descriptions, are acquired commercially from

The clustered-based approach is based on the observakagema Corporation. The images are divided into eighteen
tion that two images appear to be similar if both of them categories by the image supplier. Major categories include:
have large patche<l(sterd of similar colors at roughly  animal, art, computer, food, nature, travel, etc.
the same locations in the images. The approach extracts All the three color-spatial techniques are implemented;
a set ofk dominantcolors of an image, half of which are and for each technique, the database images are prepro-
taken from the center of the image (representing object col-cessed to extract the appropriate color-spatial informa-
ors) while the other half are obtained from the entire im- tion. Theretrieval moduleof the prototype accepts sam-
age(representing background colors). ach of the dom-  ple images from the user as queries througgraphical
inant colors, the sequential 8-connected component algo-user interfacemodule. Depending on the technique to be
rithmis applied on the image to obtain a set of clusters in the employed, the color-spatial information of the query im-
image space. Note that each cluster has only one color anage is extracted, and the appropriate indexes and database
is represented as a rectangle. These clusters are then rankésl searched for matching images. Candidate images are
(regardless of color) in descending order of their sizes (arearanked based on the similarity measure and presented to the



users. The graphical interface is designed to display theperformance as very often the object of interest is in the
top 60 retrieved images ranked in decreasing order of sim-center of the image.

ilarity. As not all relevant images are retrieved, the com-  For the cluster-based technique, the number of clusters
monly recall-precision metrics are not appropriate. Instead,can affect performance. A small number of clusters can

we compute the normalized precisioR, () and normal-  speed up the retrieval process and lower the storage cost at
ized recall &,,,,,,) [6] for each query: the expense of the retrieval accuracy. Adding more clus-
ters may increase the retrieval accuracy since these clusters
p _1 Zle(log rank; — log i) are likely to lead to more retrievals. However, having too
norm T = log large a number of clusters will eventually lead to poor per-
(N—R)'R! - . .
formance. This is because the set will contain small clusters
and which may contribute to the retrieval of irrelevant images.
Zf_l(mnk’i — i) Further, the stor_age of these Iarge number of spatial rect-
Roporm =1 — == angles, and retrieval and comparison cost are likely to be-

(V= R)R come high too. We investigated the effect of the number

whereN is the number of images in the collectia js the of clusters on retrieval accuracy, and our results show that
number of relevant images in the collection aae; is the it is reasonably sufficient to use only 2 clusters (one from
rank order of a relevant imageas retrieved by the system. the background, and one from the center) to discriminate
In our computation, we seV to 12,000. For the relevant between the images.
images that are not ranked among the top 60, their ranks are  Finally, for the signature-based method, the size of the
set to near the mid way between 60 and 12,000. Assuminggrid is fixed at 32< 32 giving a total of 1024 cells. Further-
the mid way point between 60 and 12,000 is awmgk, rele-  more, we also study the choice of an appropriate threshold
vantimages that are not ranked among the top 60 are rankegalue to be used in determining whether a cell is represented
in our computation as avgank, avgrank+1, avgrank+2 by a color, and found a value of 40% to be effective. We also
and so on. showed that a total of 2 dominant colors, 1 from the back-
To study the effect of certain type of images on our sys- ground and 1 from the object can lead to reasonably optimal
tem performance, we pick 10 images classified into four cat- performance.
egories: (a) images with distinct center object, (b) images
with no distinct center object, (c) images with object onthe 3 2 Comparative Evaluation
left and (d) images that do not fall into the above categories.
images retrieved Eaéh image in the database has a list of. ethods. Table 1 shows th? result on the retrieval effec—
keywords suppliéd by the supplier of the database and thisweness of the schemes. '.:IrSt’ we note that not a single
list is found to be precise in describing the contents of the ;cheme performs the best in all cases. Instgad, there are
images mstances_when each of the scheme is superior. For exam-
' ple, the signature-based scheme is good for imdges,
) ) and/s; the partition-based scheme is effective forimdge
3.1 Tuning the Algorithms the cluster-based method gives the best resulf far Sec-
ond, we note that the signature-based scheme performs the
We begin by first tuning each of the algorithms for op- bestin terms of the average normalized precision and recall.
timal performance. Due to space limitation, we shall not Both the cluster-based and partition-based are equally good.
discuss the details here. For all experiments, we restrictthe Table 1 compares the retrieval efficiency of the various
total number of colors in the system to be 11. This coarseschemes in terms of time (in sec). We shall first focus
representation is used for two reasons. First, it captures theon the single-level results, which correspond to the index-
color similarity. Second, our preliminary experiments show ing schemes described in Section 2. As can be seen, the
that having more colors does not improve the effectivenesssignature-based approach is generally the most efficient.
but may be less efficient. This is not surprising in view of its compact representa-
For the partition-based approach, we investigated thetion. However, as before, there are cases where the other
number of partitions, and the number of color keys to be two schemes can perform slightly faster, though the cluster-
employed for optimal performance. Our results showed thatbased approach is the least efficient overall.
9 partitions (i.e., partitioning the image to33 partitions) Though the results of the single-level schemes are be-
and using 2 color keys provide good retrieval effectivenesslow 6 secs, we still do not consider the schemes satisfactory
and efficiency. Our results also showed that, in general, giv-since they may not be able to scale well. In other words, if
ing the center partition a higher weight can lead to better the collection of images increases to 120,000 or 1,200,000



Retrieval Effectiveness Retrieval Efficiency

Image Partition Cluster Signature Single-level Multi-level

Precision| Recall || Precision| Recall || Precision| Recall || CI. | Part.| Sign. ][ Cl. | Part.| Sign.
I 0.5325 0.7268 || 0.5951 0.7573|| 0.7314 0.8384| 6.0 20 | 3.0 2.0| 0.54 | 0.30
I 0.5343 0.7169|| 0.6327 0.7876| 0.8157 0.8889| 5.0| 6.0 | 3.0 10| 045 | 0.28
Is 0.2518 0.5644 || 0.5781 0.7471| 0.8298 0.8989| 6.0 3.0 | 3.0 10| 043 0.31
Is 0.4042 0.6584 || 0.1770 0.5315|| 0.1351 0.5061| 5.0 9.0 | 3.0 10| 059 | 0.31
Is 0.1580 0.5189|| 0.1354 0.5061| 0.1575 0.5189| 3.0| 20 | 3.0 10| 045 | 0.33
Is 0.2286 0.5570|| 0.1823 0.5316| 0.1761 0.5315| 5.0 | 40 | 3.0 1.0 040 | 0.30
I7 0.3141 0.6094 || 0.1584 0.5226|| 0.4345 0.6677| 2.0| 50 | 3.0 1.0 0.33 | 0.27
Is 0.4192 0.6709|| 0.4377 0.6712| 0.4512 0.6837| 40| 20 | 3.0 10| 051 | 0.33
Is 0.3111 0.6094 || 0.3265 0.6239|| 0.3601 0.6384| 6.0 70 | 3.0 2.0| 0.54 | 0.30
Io 0.3759 0.6708|| 0.6850 0.8480|| 0.4510 0.6716| 5.0 5.0 | 3.0 20| 045 0.34

Average|| 0.3530 | 0.6303] 0.3908 | 0.6527] 0.4542 | 0.6844] 40| 46 |30 [ 15[ 0.46] 0.31

Table 1. Comparative evaluation.

images, the performance may degrade drastically. As a firsthelp in designing color-spatial techniques for large image
cut, we enhanced the various schemes into multi-level struc-databases.
tures. In our study, we restrict to two-level structures:
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In this paper, we have presented an evaluation of
three color-spatial image retrieval techniques — signature-
based technique, partition-based algorithm and cluster-
based method. Our results provided insights into the
strengths and weaknesses of these techniques, which can



