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Color is the characteristic which is most used for image indexing
and retrieval. Due to its simplicity, the color histogram remains the
most commonly used method for this task. However, the lack of good
perceptual histogram similarity measures, the global color content
of histograms, and the erroneous retrieval results due to gamma
nonlinearity, call for improved methods. We present a new scheme
which implements a recursive HSV-space segmentation technique
to identify perceptually prominent color areas. The average color
vector of these extracted areas are then used to build the image
indices, requiring very little storage. Our retrieval is performed by
implementing a combination distance measure, based on the vector
angle between two vectors. Our system provides accurate retrieval
results and high retrieval rate. It allows for queries based on single
or multiple colors and, in addition, it allows for certain colors to be
excluded in the query. This flexibility is due to our distance measure
and the multidimensional query space in which the retrieval ranking
of the database images is determined. Furthermore, our scheme
proves to be very resistant to gamma nonlinearity providing robust
retrieval results for a wide range of gamma nonlinearity values,
which proves to be of great importance since, in general, the image
acquisition source is Unknown. 1999 Academic Press

I. INTRODUCTION

e histograms require quantization to reduce the dimensio
ality. A typical 24-bit color image generates a histogram witt
224 pins, which requires at least 2 Mbytes of storage space, @
pending on the resolution. However, with quantization come
loss of color information and there is no set rule as to how muc
guantization should be done.

e the color space which is being histogrammed can have
profound effect on the retrieval results and also governs the ty
and amount of quantization. For instance, for the RGB spac
uniform quantization can be used since the distribution of eac
color plane is essentially uniform. However, in spaces such
the Munsell and LUV, uniform quantization may not suffice [6].

e colorexclusionis difficult using histogram techniques. For
example, a simple way that exclusion could be achieved wou
be to simply omit histograms which contain nonempty bins col
responding to the exclusion color. Unfortunately, it would be
required to specify a priorvhich bins represent the exclusion
colors. If the degree of quantization is also factored in, it is eas
to see that determination of these bins is an ill-posed probler
If too fewbins are selected, then a perceptually similar bin ma
be included in the similarity calculation. If tamanybins are
specified, then a bin corresponding to a dissimilar color ma
be omitted, which could possibly misclassify an otherwise vali
image. A more desirable approach would be to allow certain cc

Content-based image retrieval (CBIR) is a research area d@tf to be excluded from a user-defined query right from the sta

icated to the image database problem [1]. The number of ifyithout requiring an additional level of analysis. In addition, ¢
age database systems which have recently been developed Siiarity measure should be used to determine if indexed cc
others that are currently under development [2-5], is strong &S match an exclusion color, and their level of similarity shoul
idence to this area’s importance. affect the overall image similarity calculation accordingly.

A key aspect of image databases is the creation of robus® histograms can provide erroneous retrieval results in tf
and efficient indices which are used for retrieval of image ifrésence of gamma nonlinearity. In general, an image datab:
formation. In particular, color remains the most important low&an contain images acquired from many unkown sources a
level feature which is used to build indices for database imag&8n pass through a number of stages from the moment it is c
Specifically, the color histogram remains the most popular ifired to the moment it is displayed. This poses a problem. F
dex, due primarily to its simplicity [6, 7]. example, a scene can be captured on photographic film, tra

However, using the color histogram for indexing has a numbf&red to paper and then scanned to digital format where it c:
of drawbacks: be displayed on any computer monitor. These stages introdu
a multiplicative nonlinearity due to the gamma nonlinearity o
the various equipment [8]. For image retrieval this can caus
very poor performance. It can cause false retrievals and renc

1 Corresponding author. URL: http://www.dsp.toronto.edu.
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comparisons and similarity measures between pixel values, dhd former of these characteristics by increasing the saturatic

ultimately images, erroneous [9, 10]. of their color film to make colors appear more vivid to better
¢ the histogram capturggobal color activity; no spatial in- mimic our recall of a photographed scene [17].

formation is available. To include spatial information requires When we wish to describe animage or to find a desired imag

each image to be partitioned imigegions and a histogram built we essentially build a low-level model of the image in question in

for each region [11], which consequently requingmes more our mind and compare candidate images to this model. The col

storage. granularity provided by histogram indexing is, in most cases,

not necessary, especially when the final observer is a huma

_ Inthis paper we present a novel scheme for extracting, index;,s it is natural to segment an image into regions of percey
ing, and retrieving color image data. We use color segmentatipp|;; prominent color and retrieve candidate images based c
to extract regions of prominent and perceptually relevant colgjs similarity to the color of each of these regions.

and use representative vectors from these extracted regions in

the image indices. We do away with histogram indexing tec
nigues and instead implement vector techniques. This way
end up with a much smaller index which does not have the over-Our method of color indexing implementscursive HSV-
completeness aranularity of a color histogram, yet performs space segmentation to extract regions within the image whic
better and robustly. Our similarity measure for retrieval is basedntain perceptually similar color. We chose this space, due t
on the angular distance between query color vectors and tt¥eproven segmentation performance and for the fact that it a
indexed representative vectors. lows for fast and efficient automation. It is not dependent or
The outline of the paper is as follows: Section Il discusseariables, such as seed pixels or a number of extracted colors,
our feature extraction method and how we build our image iin clustering and region growing techniques [18, 19], and this i
dices. Section Il introduces our vector approach to retrievef great significance if database population is to be independe
and the vector angular-based measure which we implemagfthuman intervention.
Section IV introduces and discusses what we callrthutidi- The HSV space [20] classifies similar colors under similat
mensional distance spae@d how we implement it for multiple hue orientationsHue is particularly important, since it repre-
color query and color exclusion. Section V discusses the pratents color in a manner which is proven to imitate human colo
lems with gamma nonlinearity and image retrieval and showscognition and recall. The conversion from RGB to HSV is
how our scheme proves more robust to gamma variation oymrformed with the equations
other methods. Finally, Section VI concludes the paper.

%_e Segmentation

oo Cosl( 3(R—G)+(R-B)] )
I1. FEATURE EXTRACTION AND INDEXING JR=GZ+(R-B)G-B)/’

Recently, some image retrieval systems have begun to move i - otherwi .
away from histogram techniques and begun to make use of s\%'-ereH = Hiif B = G; otherwiseH = 360" — Hy;
mentation to extract and index features [12—16]. Color image max(R, G, B) — min(R, G, B)

segmentation is an area which has received a lot of attention ; (2)

and research. Its popularity and effectiveness lies in the fact maxR, G, B)
that the task of color segmentation is an inherent component max(R, G, B)
of human visual processing. At the earliest stages of human vi- V= ~ 255 3)

sion, low-level processing naturally and automatically partitions
a perceived scene, without any recourse to information regavdhereR, G, andB are the red, green, and blue component value
ing content or context. These extracted color features are theiich exist in the range [0, 255].
used in later stages of human vision to build objects which areln our method, we threshold the peaks of theshistogram,
then identified and classified by the brain. which is known to contain most of the color information, while
To extract color features and build indices into our imagaso taking into accoursaturationandvalueinformation.
database we take into consideration factors such as human coldrhe first step is to build &ue histogram for all thebright
perception and recall. For example, as humans it is very dihromaticpixels. We have found experimentally that these tenc
ficult, if not impossible, for us to visually discern the differto be colors that havealue>75% andsaturation>20%. Once
ence between two very closRGB values, e.g., (255, 48, 32)the pixels which satisfy this criterion are identified, theshis-
and (254, 48, 32). Furthermore, if we were to describe tiiegram is built and thresholded into bright colors, wheren
color content of an image, we would use terms suchieds is an image-dependent quantity determined by the number
dark yellow or bright green not RGB values. In addition, we peaks which théuehistogram exhibits.
tend to focus on and remember bright saturated regions and largerom the remaining image pixelsaturationandvalue are
color regions present in an image. Film manufacturers exploised to determine which regions of the image are achromati
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VAL vides an accurate low-level representation of the color content

the original image with all dominant and bright colors correctly
‘ ue 1

database of 2000 24-bit images of 54812 resolution of gen-

eral image content, including natural scenes, people, archite
ture, animals, and plants. Each image index was built using tl
c extracted color vectors, along with the percentage of each €
tracted color present in the image and the number of regio
which contain each color. A statistical analysis of our entir
2000 image database revealed that the average number of co

identified.
The above segmentation technique was performed on our t
BRIGHT
CHROMATIC

CHROMATIC

SAT WHITE

FIG.1. HSV cone depicting BLACK, WHITE, BRIGHT CHROMATIC, and
CHROMATIC regions.

VALUE<25

Specifically, it has been found, in the literature and experimen- IMAGE
tally [21, 22] that colors withvalue<25% can be classified as

black, i.e. at the bottom of the HSV cone, and that colors with YarET

SAT>=20 CHROMATIC

saturation<20% andvalue>75% can be classified asite, as Tes
shown in Fig. 1. BRIGHT | CHROMATIC

All remaining pixels fall in thechromaticregion of the HSV PR A —
cone. However, there may be a wide rangeatfirationvalues. BUILD BUILD
To account for this, we calculate ttsaturationhistogram of HUE SATURATION
all these remaining chromatic pixels. Teaturationhistogram HISTOGRAM HISTOGRAM
is, in general, multimodal and we take this fact into account. f
Many segmentation researchers have classifiecgaf@ration —_—— )
histogram to be bimodal; however, this is not true and we have DETERMINE DETERMINE
found that more accurate color segmentation can be obtained o PEAKS e
by taking into account its multimodal nature. Assume that a
saturationhistogram exhibitp peaks, we threshold each of these I
peaks and calculate tiheiehistogram for the pixels contained in THRESHOLD
each given peak. Each resultingehistogram, which exhibits THRESHOLD PEAK i
peaks, is thresholded accordingly to obtagolors. The process PEAK
is then repeated again for each of fheaturationpeaks. The
entire process is shown in the flowchart in Fig. 2.

Thus for each image, the segmentation algorithm extracts <=m ’ no
¢ colors, wherec= anp + m, which is clearly an image-
dependent quantity. Finally, we calculate the average color of yes yes
each of thec colors and use th&®GBvalue as each region’s
representative vector. The reason for udR@Bvectors is pri-
marily due to the fact that there is no established method for END

similarity calculation in the HSV space. In addition, as will be
seen in the next section, by usiR§sBvectors we are able to
exploit powerful angular-based distance measures for similarity
calculation.

Figure 3 shows a typical imagellybeansand the segmented FIG. 2. Flowchart of segmentation procedure. Each image is examined
classify the pixels into one of the four categories: BLACK, WHITE, BRIGHT

result after our recursive segmentation procedure, where 12 (i,q-fROMATIC, and CHROMATIC regions. For the latter tWwoyeandsaturation

ors were identified and extracted, and each region was fillggograms are built and the corresponding peaks are thresholded to segmen
with its average color. As can be seen, the segmented result petors.
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extracted was 4.68, including black and white, and the maxind magnitude component [27]:
mum and minimum number of extracted colors were 13 and 1.
This is a surprisingly small number of colors; however, as we §(x;, X;)
will see, retrieval proves to be very effective.

It is also important to note that, by virtue of using color seg- =1-— [
mentation, we can also incorporate spatial color information into

oo () 1 Vg
1= cos <|xi||xj| Y- sl W

our indices quite easily and efficiently, without having to dra- angle magnitude
matically increase the index size. However, we do not address
spatial color retrieval in this paper. wherex; andx; are three-dimensional color vectors. Since we

deal with RGB vectors, we are constrained to one quadrant ¢
the Cartesian space. Thus, the normalization factor/af i&
I1l. RETRIEVAL theangleportion is attributed to the fact that the maximum an-
gle which can possibly be attainedsig2. Also, thev/3 - 25%
A. Vector Approach normalization factor, in thenagnitudepart of (5), is due to
the fact that the maximum difference vector which can exist i

By virtue of the fact that our color indices are three-dimearli-255 255, 255) and its magnitudev - 255. Both normaliza-
sional vectors which span tREGBspace, we have atou_rdlspos jon factors contribute so thattakes on possible values in the
a number of vector distance measures that can be |mplemer} e [0, 1]

for retrieval. However, studies have shown that measures base his distance measure takes into consideration both the anc

on the i’:\nglel of a ;:]olor vec;or prod;ce percheptually accurlzggtween two vectors and the magnitude of the vector differenc
retrieva res:;f In t ?,R%B c&malhr) [h3]. Furt ﬁrmﬁre, anguigfovever, when two vectors under consideration are collinea
measures arehromaticitybased, which means that they Operat8n|y magnitude difference is used, which is required since tw

primarily on the orientation Of the colo_r vectqr inthe RGB SPa%ectors can be collinear but perceptually quite different due t
and, therefore, are more resistant to intensity changes. magnitude differences

As further evidence to the validity of angular-based measures. . comparison purposes, we have also investigated a numt

we find that they exhibit excellent performance in the area gf \ihar common vector distance measures, specifically:
image filtering [24—-26]. At first, retrieval and filtering seem un-

related. However, the fact is that both use distance measures t® theangular distancéoetween two vectors,
determine candidacy. In particularder statisticiltering im-
plements distance measures to group similar vectors together 6, j)=1- E cosl< Xi - X] ) (5)
and discard outliers, whereas retrievahksthe similarity be- [%i | X
tween candidates.
Figure 4 depicts the color variation of a given color vectothich is theanglecomponent of (5) above;
in the RGB space as the angle is varied at eight points around® the generalizedlinkowskimetric (L norm) [19],
the central vector. From the figure we can see that, as the angle
increases further away from the central vector, the perceived p "
color also changes. However, for the small angles of Ga@b dm(i, j) = (Z (= x| ) , (6)
and 0.10rad the color is perceptually the same as the central k=1
color; thus, a small neighborhood around a given vector in the

. . . k .
RGB space contains colors that can be considered equivalefYN€rep is the dimension of the vectar andx’, is thekth ele-
ment ofx;. Three special cases of the; metric are of particular

interest, namelyM =1, 2, oo;

M

B. Distance Measure e and theCanberradistance defined as
In our system we implement a distance measure based on D lvk ok
. i o o X — Xt |
the angular distancebetween two vectors. Specifically it is a de(i, j) = Z i il @)
combinationdistance measure which is composed of an angle X<+ x'j‘

FIG. 3. True-color 24-bifellybeanimage and its segmented image of only 12 colors.

FIG. 4. Six swatches depicting color changes around a central color vE¢teith RGBvalues of (187, 83, 78), due to changes in the angular distance witl
respect to that vector. The angle is calculated for angles of 0.05, 0.1, 0.15, 0.20, 0.25, ewifor=ight points aroun€. Each swatch shows the effect at a
different point alondC, specifically at 125%, 100%, 75%, 50%, and 25%@f

FIG. 6. Batimage and the colasea green.
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START
QUERY VECTORS t=1
q, =l
q2
ql
=1
qn j+l
END
REPRESENTATIVE
VECTORS
T f
S— - "
> <
iC
k+!
t+1

min[D(qp, il) D(qp, ic)]

t

FIG.5. Flowchart of the query procedure. A distariBas calculated between each pairing of theepresentative vectors of each image indewith each of
then query colors. For each of triedatabase indices, this produces a set »fn distance values. For each index, themallest of these values are passed on tc
the MQS to determine the overall ranking of the image.

where p is the dimension of the vectog and x¥ is thekth top 25 images. Figure 5 depicts the steps involved in the que
element of; . TheCanberrametric applies only to nonnegativeProcess.
multivariate data, which is the case when color vectors described=or our results, we chose to look for images which containe
in the RGB reference system are considered. at least 50% of the query cola@ea greenwith RGB values
(130, 164, 53), which is shown in Fig. 6, along with the databas
imagebat from which it was extracted. Figure 7 shows the re
trieval result using oucombinationdistance, along with the
Ouir first test of the system deals with the single color quemgtrieval result of the other vector distance measures discuss
i.e. where only one color is specified. For each image index, timeSection III.B. In addition, we have also included results us
system takes a specified query color and calculates the given histogram techniques to compare against our technique
distance measure teachof the n representative vectors andFig. 8; specifically, we tested RGB and HSV-space histogra
retains the minimum. The result is the closest match of the $ethniques. Unavoidably, quantization was performed in the tw
of n representative color vectors, of a given database imageor spaces. Due to the relatively uniform distribution of the
to the query color. The process is repeated for every datab&&B bands, we chose eight uniform quantization bins for eax
index and the entire set of distances are then ranked to retaindhehe RGB bands. For the HSV color space histogram, w

C. Single Color Query

FIG. 7. Retrieval result using (&jombinationdistance, (bangular distance(c) L1 norm, (d)L2 norm, and (e~ norm. Top left image of each result is the
query colorsea green.

FIG. 8. Retrieval result using (a) RGB histograms with (8, 8, 8) quantization bins and (b) HSV histograms with (12, 5, 5) quantization bins. Top left ienage
query colorsea green

FIG.9. Query setQ obtained from 25 test subjects who were asked to find images which contained at least 50% of the quseaapker{top left image).
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took the statistical nature of the HSV space into consideration, TABLE 1
along with human sensitivity tbue and saturation and uni- Retrieval Rate for Six Different Vector Distance
formly quantized théaue saturation andvaluehistograms into Measures and Two Histogram Techniques

12, 5, 5 bins, respectively [6]. The similarity metric that we im-

plemented for the actual retrieval was thistogram intersection Measure Rij
[28]. L; 44
Figure 7a depicts the top 25 retrieval results foroombina- L, 48
tion measure. Figures 7b—d show the results for the other vector L 36
distance measures discussed. In addition, Fig. 8 shows the results Canlbe”a 40
for the RGB and HSV-space histogram retrieval techniques. In (A:g?nio %3
each of these figures, thep leftimage is thesea greerguery
B . . RGBg g s 48
color and the similarity ranking is from highest to lowest from HSVio s 28
1255

left to right, top to bottom.
All methods returned images that contained colors similar

to the query color; however, teombinationmeasure and the gnq in particular oucombinationmeasure provided the high-

anglemeasure returned more images which were perceptuady retrieval rate. It even surpassed the two histogram indexir
more accurate. This was established by comparing the retrieygghniques.

results with ajuery set Qvhich contains the images which most
humans would consider to fit the given query. In our case, The |\ MULTIDIMENSIONAL QUERY SPACE
query selQ was obtained from 25 volunteers who were asked to
manually search through our 2000-image database and list th®uring the query process, for each user-specified query colo
images which were considered to contain at least 50% of thelistance is calculated, using (5) gachrepresentative vector
query color éea greeh The results were then tabulated and thia a given database index. For multiple color queries, a dis
top 25 images which were chosen the most often comprised thfice to each representative vector is calculated for each que
query setQ, depicted in Fig. 9. color. We take the minimum of these distances and form
Comparing Figs. 7 and 8 with Fig. 9, we see that com- multidimensional query distance vecr
bination distance retrieves more images that belon@tthan
the other investigated measures and techniques. Specifically, our D(dy, ..., dy,) = (Min((ds, i1), .- ., 8(d1, ic)), - - -,
measure returned 16 images from the queryxethis is of ut- . . .
most benefit and importance since the perceived color content of min@(n, i1), - . ., 8(Qn, ic))), 9
animage is, in most cases, of greater significance than the actugl .
: - Y where g, are then query colors and. are thec indexed

pixel values. In addition, theombinationmeasure returned less . :
; : . representative colors of each database image.
images that were erroneous, i.e., that contained colors that Wer% .

or example, let us assume that a query consists of two que

totoally irrelevant with respect to the query color. U . )
Quantitative performance was evaluated by calculating tﬁglors,q_l a_ndqz, f'indaglve_n_mdex cpntams representative colo
retrieval rate, defined as [11]: yectqrsq, io andis. Thg m|n|mu_m d|stangell betweery; and
! i1..3 is taken, along with the minimum distandg betweeng,
andij..3, to build D(dy, d;). The process is repeated for each
R, = —1 %100, (8) database index and we obtain the result Witdistance vectors

Ni D, whereN is the size of the image database (2000 in our case)

whereN; are the total images in a given query €2¢f(i.e., all

images in the database which match the query)pdre the ? Consequently, this is a linear operation and computation time can grov
number of images which appear in the iy retrieval pOSi- as the Qatabase size increases. To help aIIew_ate this, Whe_n each repre;er_]ta
. . . . vector is created it is possible to perform ordering or clustering to group simila
tions which f’ire part_ oQ. Table 1 lists the remev_al rates for therepresentative vectors together and compare query vemrsvith represen-
above mentioned distance measures. Clearly, it can be seen#yad vectors that are in close proximity to each other. One aspect of our curre

the angular-based measures exhibit much higher retrieval rageearch focuses on this issue.

FIG. 10. Query result for (a) images witted andgreen (b) images wittred andgreenand excluding/ellow.

FIG.11. Spatial representation of the query result forimages reitandgreen The axes represent the calculated distahioe each image to the corresponding
color. The origin at the top left is the closest match to both query colors.

FIG. 13. Plot of the (axombinatiordistance, (bangulardistance, (c)1 distance, and (dl)., distance of 16 colors against a color whose gamma is varied fron
0.5t0 3.0.
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This set of D vectors span what we call thaultidimen- queries containing any number of colors to be excluded, in add
sional query spacéviQS) [29]. For the case of two query col-tion to including colors in the query results. From the discussiol
ors the space is two-dimensional, for three colors it is threm Section Ill.A above, we are interested in distance vedibrs
dimensional, etc. Each database image exists at a point in thisich are collinear with the equidistant line and which have
space and its location determines its retrieval ranking for tlsenall magnitude, i.e., close to the MQS origin. The exclusior
given query. The key to this ranking lies in the origin of thef a certain color should affe& accordingly and its relation to
MQS and theequidistant line where all component values ofthe equidistant line and the origin. For example, if it is found
D are equal (see Fig. 12a). The database image that is the cthat an image contains an indexed color which is close to an e
est match tall the given query colorg;, 0o, .. ., g, is the one clusion color, the distance between the two can be used to eith
which is closest to the origin of the MQS. This implies that thpull (or push)D closer (or further) to the ideal and accordingly
distance vectob that is most centrally located, i.e., is collineaaffect the retrieval ranking of the given image.
with the equidistantine of the MQS and at the same time has To this end, we determine the minimum distances of eac
the smallest magnitude, corresponds to the image which contaémslusion color with the indexed representative colors, usin
the best match tall the query colors. (5), to quantify how close the indexed colors are to the exclusio

Thus, we need to rank the retrieval results based on the maglors,
nitude ofD and the angle;D, that it makes with thequidistant
line. To do this we combine the two values using a weighted — X(xq, ..., X)) = (MIN@EE i), .. ., 8(€q, ic)), - .-

sum . . .
mMin@(&y, i1), - - .. 8(&n, ic))), (11)
R =wa|Dl+ w2/D, (10) whereg, are then exclusion colors and are thecindexed repre-

i . ) sentative colors of each database image. Equation (11) quantifi
where lower rank valueR imply images with a closer maich oy, cjoseany indexed colors are to the exclusion colors. Thus

both the query colors. The weighis andw, can be adjusted gjncex, depicts similarity, a simple transformation of-Ix,

to control which of the two parameters, i.e. magnitude or anglgajcts dissimilarity. Thus, we can apply this transform to eacl

are to dominate. We have found that valuesuaf=0.8 and ¢ the components ok and then merge this with to give the
wz =0.2 give the most robust results. This is to be expectefarai multidimensional vector

since collinearity with the equidistant line does not necessarily
imply a match withany query color. It implies that each query
color is equally close to the indexed colors. HoweyBt,— 0

implies closer matches to one or more colors. Thus, a great%r o tor of si ith all entries of value 1. The di i
emphasis must be placed on the magnitude component. wheré 1savectorotsizawithalléntries ofvalue 1. The dimen
sionality of A is equal to theaumber of query colors number
of exclusion colors
The final retrieval rankings are then determined fiax and
Figure 10a depicts a user query for two colors. Specifically,tiie angle whichA in (12) makes with the equidistant line of
was desired to find images with at least 10% of the RGB colattse query colors. Figure 12b graphically depicts the notion of
26, 153, 33 (green) and 200, 7, 25 (red). Clearly, the top 10
results displayed exhibit colors with strong similarity to the two

A=[D 1-X], (12)

A. Multiple Color Query

guery colors. a
Figure 11 shows a spatial representation of the retrievalresuts %
for the same query colors. Here we can clearly see how close equidistant line .
the retrieved images are to each query color and how the vec- % cquidistant fne
tor representation of the two distances determines the retrieved 2 L

image ranking. Clearly, the origin represents the best match to
both colors. Images which lie on the equidistant line have equal
distance to each query color; however, these images must also
be close to the origin to b&milar matches to the query colors.
This reasoning is easily extended to a higher dimension (i.e., a 4
greater number of query colors) with the origin remaining the

best retrieval result.

(a)

B. Color Exclusion FIG.12. (a) Vector representation of two query colagsanddp, their multi-
. .dimensional distance vect@r, and the corresponding equidistant line. (b) the
Our proposed vector approach provides a framework whighme two query colors, one exclusion caker and the resulting multidimen-
easily accepts exclusion in the query process. It allows for imagiénal distance vectaA.
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color exclusion and shows hotx affectsD and its relation to the 16 colors at a given gamma value (i.e., lower distance val
the origin and equidistant line. implies a closer match and, thus, a higher retrieval ranking).
Figure 10b depicts the query result when at least 10% of theClearly, theL; andL, measures give much more erratic be-
RGBcolors 26, 153, 33 (green) and 200, 7, 25 (red) (same coltravior than thecombinationand angular measures. Further-
as in Section IV.A), were desired and the color 255, 240, 20iore, there are substantially less crossover points evident w
(yellow) was excluded. Clearly, images which contained colotise angular measure. These points correspond to a change in
close toyellowwere removed from the top ranking results, asimilarity ranking of a given color or image in a database. Th

compared to the Fig. 10a, wheyellowwas not excluded. combinationand angular measure plots in Figs. 13a and b e
hibit much smoother behavior and low variation and crossover
V. GAMMA resulting in aretrieval ranking order that remains much more st

ble across the gamma scale, which indicates that image retrie
As mentioned in Section |, images are usually acquired fronsing angular-based measures should follow the same pattel
many unknown sources and can pass through a number of stages
from the moment they are captured to the moment they d8e Gamma and Retrieval
displayed. These stage_s mtrp duce a r_nultlpllcatlve nonllnearltyForfurther evidence as to the gamma resistance of our syste
known as gamma nonlinearity [8] which can make two spec-

. > o - Wwe tested image retrieval under gamma variation on our enti
trally identical colors appear quite different and exhibit a low . . )
o . . test database. Each image in our database was indexed us
similarity measure. This can have a profound effect on retrieva : . . . .
.our proposed indexing scheme at varying gamma nonlinear

results, especially when using histogram techniques for IndeX'\r/]eglues of0.810 2.6 at steps of 0.2. For each set of indices crea

and retrieval [9]. : .
. . . ateach ofthe 10 gamma levels, retrieval was performed using t
Thus, for good image retrieval performance a common im- : . :
: : uery colorsea greenwhich was obtained from theatimage.
age representation space would be ideal. However, most curren

) S . . he system, once again was set to retrieve all the images wh
image formats do not provide important color information, SUGHL 4 ot least 50% of the query color

as gamma, to cqnvert agiven ima.ge into such a device indepenl—1n Table 2. the number of appeérances that each image
dent space. Until such a standard is proposed and accepted, t?r?g\ied in the top 25 positions made throughout the 10 gamn

niques have to be created which deal with gamma. We have fOlfgveIs are listed. In other words, the retrieval of a certain imac

that our vector approach, along with our distance measure, Was tracked across the retrieval results of the varying gamr

hibits good performance in the presence of gamma nonllnearigl\./els‘ For each gamma level, the top 25 retrieval results we
displayed simultaneously. Each image was tracked to see if
remained among the top 25 retrieved images, as the gam
The ideal scenario would be to find a scheme which woulghlue was varied, and the number of appearances that each
be unaffected by gamma nonlinearity. In other words, we wouihe made was tabulated. The entries with an asterisk indic:
like to find a measure that retains the same retrieval rankingtak number of appearances thatimage made, i.e., the image
candidate images, based on color, for a wide range of gamfrem which the query color was extracted. For tzenbination
changes. andangulardistance measure there were 21 images which a
To this end, we initially tested our system for gamma resigeared 6 or more times. Three images appeared 10 times for
tance on a set of solid colors. Specifically, we usedteegreen
query color and varied the gamma from 0.5 to 3.0 by utilizing

A. Gamma Resistance

the gamma power function TABLE 2
Comparison of the Number of Appearances Each Image Makes
y=x" (13) in Each Retrieval Result at 10 Different Gamma Levels

RGB HSV
wherex is the input value angis the output value. Equation (13)Appearances  Combo  Angle L, Ly (88,8 (12,5,5)

was appliedto each of tfRGBplanes uniformly for each gamma

value. 1 10 12 21 27 20 10
These gamma-varied RGB values were then used to calcu- g 2 g 12 ii 1220 %2
late similarity to a set of 16 randomly selected colors using the 4 5 8 17 11 9 3
angular distance measure. In addition, #mgular Ly and L, 5 4 3 9 5 4 6
measures were also tested. The results are plotted in Figs. 13a—c, 6 S 6 7 8 2 3
along with a legend depicting the 16 colors and the gamma- ; g g ; ‘1‘ g i
varied color. 9 & 4 0 0 > 2
Each curve in each graph depicts how the distance of the query 1 3 7 0 0 3 10
color to a given color changes as the gamma is varied. The S&bnique 54 52 81 84 77 54

of curves together can be interpreted as the retrieval order_of
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combinationmeasure and seven images appeared 10 times foiT his can be attributed to the fact that tembinatiormeasure
the angular measure. However, it was found that many of theakes both angle and magnitude difference into consideratiol
images which thangularmeasure retrieved 10 times were noSince gamma nonlinearity primarily affects intensity, angulat
accurate retrievals and only three of them were members of thiferences remain relatively unaffected, which explains why
query setQ, whereas with the&eombinationmeasure, all four theangularmeasure results in a low numberwfiqueimages.
images were members Qf. However, intensity difference is still important for optimal color
In addition, a low number afiniqueimages factored into the similarity, which explains why theombinatiordistance also has
retrieval results. Byniqueimages, we refer to images whicha low number ofuniqueimages, but at the same time exhibits
appeareanly onceacross the varying gamma level retrieval remuch better retrieval rates.
sults. Thus, the ideal retrieval result over all the gamma values,
would be 25uniqueimages, i.e., the same 25 images retrieved
consistently amongst the top 25 retrieval results, at each of the VI. CONCLUSIONS
10 gamma levels. The worst case is 25 differentimages retrieved
at each gamma level, i.e. 26@iqueimages. Thangularmea-  In this paper we present a new scheme for color image inde
sure had the leashiqueimages; however, as mentioned abovéng and retrieval. We perform a recursive HSV-space segment;
many retrieved images were inaccurate retrievals. tion technique to identify perceptually prominent color areas an
For comparison, we also investigated other distance measuktss the average color vector of these areas as image indices in
namely theL; and L, measures, and we have also includedatabase. Due to the vector nature of our system, we impleme
results using histogram techniques. Specifically, we varied th€ombinationdistance measure, based on the vector angul
gamma nonlinearity value from 0.8 to 2.6 in steps of 0.2, ghstance, in the retrieval process. The query mechanism prov
above, and built an RGB and HSV histogram for each databassy flexible, allowing single and multiple color queries via a
image at each gamma level, as was done in Section 1I.C.  multidimensional query spack addition, colorexclusioncan
These methods provided results which are not nearly as robetimplemented where certain colors can be specifiedtbe
to gamma changes as our proposed method and resulted in a Rigisent in the query results. We have tested our system and ¢
number ofuniqueimages and much fewer appearances highgistance measure against other common vector distance me
than six. The only exception is the HSV histogram, which seerigres and also against popular histogram indexing schemes a
to perform well in the presence of gamma nonlinearity. Howound that it outperforms them all. The retrieval results exhibit
ever, if we look at Fig. 14, where retrieval rate is plotted againgte highest retrieval rate of all the measures and methods inves
gamma, we see that the HSV-histogram technique exhibits @ted. Furthermore, the results comply much more closely wit
lowest retrieval rates across the gamma values. Furthermore f@gults which our set of 25 human observers considered corre
find that the highest retrieval rates are obtained by the angul@st, we have found that our system provides more stable ar
measures, with the widest peak exhibited by ¢thenbination robust results across a wide range of varying gamma nonlinez
distance measure. Thus, tbembinationmeasure provides the ity values, which is important when dealing with general image
highest retrieval rates over a wider range of gamma values, odétabases which contain images from unknown sources.
all other techniques, while retaining a low numberupfique
images.
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