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Abstract

Snce a content-based image retrieval (CBIR) system services
people, itsimage characterization and similarity measure must
closely follow perceptual characteristics. In this study, we
enumerate a few psychological and physiological invariants
and show how they can be considered by a CBIR system. We
propose distance functions to measure perceptual similarity
for color, shape, and spatial distribution. In addition, we
believe that an image search engine should model after our
visual system, which adjuststo the environment and adaptsto
the visual goals. We show that we can decompose our visual
front-end into filters of different functions and resolutions. A
pipeline of filters can be dynamically constructed to meet the
requirement of a search taskand to adapt toindividuals' search
objectives.

Keywords: content-based image retrieval, perception-
based image retrieval, personalization, relevance feedback,
trianglesimilarity.

1 Introduction

Much research has been conducted on content-based image
retrieval (CBIR) in the past decade [12]. A content-based
image retrieval system returns images that are “similar” to a
query image. To measure similarity, most image database
systems characterize images using perceptual features (eg.,
color, shape and texture) and define how similarity can be
quantified using these features.

Not many attempts[10], however, havebeen madeto charac-
terizeimages and to quantify similarity based on the character-
isticsof the human visual processinthe CBIR community. For
instance, while most traditional systems model our response
to “brightness’ as a linear function, human eyes respond to
brightnessin anon-linear fashion. In addition, most traditional
systems treat color as a continuous spectrum of wavelength,
whilewe give simple namesto only alimited number of colors
(red, green, etc). Also, most systemstreat al pixelsinanimage
equally, but our vision tendsto pay | ess attention to the boarder
pixels, and it distributeseffort unevenly by paying closer atten-
tion to ambiguous regions. Many other discrepancies exist.

Moreover, our visua system adjuststo the environment and
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adapts to the visual goas [13]. We can think of our visua
system as being divided into two parts. our eyes (the front-
end) perceive and our brain (the back-end that is equipped
with aknowledgedatabase and an i nference engine) recogni zes
images. The front-end collects visua data for the back-end
to allow high-level processing. The back-end instructs the
front-end to collect visual data with different filters. (A filter
can be regarded as a particular way of perceiving an image.)
The front-end responds flexibly in perceiving visua data by
selecting, ordering and adjusting visud filters differently. For
instance, we may not be ableto tell if afigureisareal person or
astatue at first glance. If we pay closer attentionto thefigure's
surface, we may beableto identify it asaperson or statue. The
front-end and back-end may interact many timesto completea
visual task.

We believe that since an image search engine services peo-
ple, it should be modeled after our visual system. In this paper,
we propose a perception-based imageretrieval architecturethat
can dynamically construct a pipeline of filters to meet the re-
quirement of a search task and to adapt to individuals' search
objectives. We first focus on designing individual image fil-
ters (e.g., color masks, pixel masks, shape filters, etc.). We
investigate how some of the psychological and physiological
invariants mentioned above affect our perception and how they
can be considered in characterizing visual data and in measur-
ing similarity for afilter. Once filters are designed, we show
how they can be selected and adjusted to support queries that
have different goals both effectively and efficiently.

The contributions of thisstudy are as follows:

o We enumerate some of our perceptual invariants and show
how to apply them inimage representation (Sections2 and 3).

¢ We proposedistance functions, e.g., Hamming, Gaussian and
Trianglefunctions, to measure similarity for color and spatia
distribution of colors (Section 3).

o We suggest to decompose our visual front-end into filters

and show how filters can be selected and adjusted to support
personalizable queries (Section 4).

2 Perceptua Characteristics

Many researchers in content-based image retrieval have as-
sumed that the perceptua color space is a Euclidean metric
space. Based on this assumption, clustering and indexing
schemes that use Euclidean distance to measure similarity are



employed. In addition, most studies treat al pixels equally
in characterizing an image. We first describe two perceptual
characteristics to argue that using Euclidean distance may not
be appropriate in al circumstances and suggest aternatives
(Sections 2.1 and 2.2). We then show that not al pixelsin
an image attract equal perceptua attention (Section 2.3). In
Section 3, we apply these perceptual characteristics to image
filter design.

2.1 JND and JNS

The Just Noticeabl e Difference (JND) isthe smallest differ-
ence between two stimuli that a person can detect. Goldstein
[4] usesthe following example to illustratethe IND: A person
can detect the difference between a 100-gram weight and a
105-gram weight but cannot detect a smaller difference, so the
JND for thispersonis5 grams. For our purpose, we introduce
a new term, caled Just Not the Same (INS). Using the same
weight example, we may say that a 100-gram weight isjust not
thesame as aweight that ismore than 120-gram. Sothe INSis
20 grams. When theweight is between 105 and 120 grams, we
say that theweight issimilar to a 100-gram weight to adegree.

Now, let us apply JIND and JNS to our color percep-
tion. We can hardly tell the difference between deep sky blue
(whose RGB is 0,191,255) and dodger blue (whose RGB is
30,144,255). The perceptua difference between these two col-
orsis below JND. On the other hand, we can tell that blueis
different from green and yellow is different from red. In both
cases, the colors are perceived as INS.

For an image search engine, JND and JNS indicate that
using Euclidean distance for measuring color difference may
not be appropriate. First, IND revea sthat when the difference
between two colors exists but is small enough, then the two
different colors are perceived the same. Second, NS reveals
that when the difference is significant, we say two colors are
not the same. Taking both IND and NS into consideration, we
thus quantify color similarity in three discrete regions:

o When the color difference is above JNS: the similarity is
defined zero. (We discuss JNS colors below.)

« When the color difference is between JND and JNS: the
similarity is between zero and 100%.

o When the color difference is below JND: the similarity is
100%.

2.1.1 JINSColors

We define a term INS colors in what follows. Although the
wavelength of visiblelight is400 metersto 700 meters, research
[5] shows that the colors that can be named by all cultures are
limitedtoeleven. Inadditionto black and white, thediscernible
colorsarered, yellow, green, blue, brown, purple, pink, orange
and gray. Sinceitisdifficult to quantify the difference between
two NS colors, we simply define the similarity between two
JINSS colors zero.

2.1.2 Benefits

Quantifying color similarity in three regions gives us the flex-
ibility to design color filters of different resolutions. We de-
scribe color masks, color histograms, color-average and col or-

variance filters in Section 3. Picking different combinations
of filters can accomplish different search objectives (examples
are shownin Section 5).

2.2 Response Compression

The second important characteristic of our visionisour re-
sponseto“brightness.” Whenwedoubletheintensity of alight,
the light does not |ook twice as bright. According to Stevens's
experiment in 1957, doubling the light intensity causes only a
small change in perceived brightness. Figure 1 shows that the
magnitude of response decreases when the stimulus intensity
increases. Stevens's power law states that the perceived mag-
nitude, P, equas a constant, /', times the stimulus intensity,
S, raised to a power, n, or

P=FKxS" 1)

The exponent for brightnessis about 0.6.
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Figure 1. Stevens’s Power Law.

According to Stevens's power law (shown in Figure 1), the
visual sensitivity is a non-linear function with respect to the
intensity of the stimulus. Using thislaw as our starting point,
we first transfer colors from RGB space to a component color
space with intensity and perceived contrasts[2, 14]. We define
the new values of a color pixel based on the RGB values of an
original pixel asfollows:

Cy = (R+ (max — B))/2
Cs=(R+2x*(max —G)+ B)/4

S=(R+G+B)/3
{ 2

Here max isthe maximum possible value for each color com-
ponent in the RGB color space. For a standard 24-bit color
image, maxz = 255. Theintensity isisolated in S.

Once we isolate S, we can characterize intensity using the
perceived magnitude, P, which can be obtained by plugging
S into the right-hand side of Equation 1. We also normalize
thevalues of P, C'; and C5 to be between 0 and 1. When two
colors belonging to the same culture color are compared, we
use this normalized Euclidean distancein P, C'; and C's space
to quantify their similarity.

2.2.1 Benefits

I solating intensity from colors can achieve two benefits. First,
we can hormalize intensity so that we can characterize color
similarity more accurately. Second, we can omit the intensity
factor if we want to remove the effect of light sources from



measuring image similarity. One can design two filters, one
takes and one does not take light sourcesinto consideration. A
search task employs an appropriatefilter for itsgoal.

2.3 Pixd Location

Not al pixels in an image are equaly important to our
perception. For instance, since we tend to look at the middle
of an image, the pixels there tend to fire more neurons in the
part of the brain devoted to perception than those at the boarder
do. (One reason we tend to look at the middle of an imageis
that we tend to place important objectsin the middle when we
take a picture.) To take thisfactor into consideration, we can
weight the pixels based on their location.

2.3.1 Benefits

Weighting pixels can remove the information that is not es-
sential for similarity matching. For example, discounting the
pixels on the image boarder is helpful for finding similar im-
ages that have been framed. Multi-resolution image analysis
can also benefit from pixel weighting. For example, we may
weight the background pixels lighter and the foreground ones
heavier.

3 ImageFilters

There could be thousands of useful image filters. To il-
lustrate our concept of composing filters for a visua task, we
enumerate a few color-based image filters in this section. We
consider the perceptual characteristics described in Section 2
inour filter design. Wetreat shape and texture as attributes of a
color set. (One can buildfilters by treating color and texture as
attributes of a segmented shape or color and shape as attributes
of atexture, eg., [9].) We show in Sections 4 and 5 that se-
lecting different filters can support queries that have different
objectives.

To characterize an image, we divide it into color sets. A
color set is the collection of pixelsin an image that have the
same color. We divide the visible color space into eleven INS
colors (discussed in Section 2.1). An image thus consists of
at most eleven color sets, where acolor set is characterized by
three attributes of the image: its color, moments and centroid.
These attributes are defined as follows:

o Color: Theculturecolor of thepixel collection. Each culture
color spans a range of wavelengths. We keep the mean and
variance of the color set onthethreeaxes, P, Cs and Cs5. We
also record the number of pixels belonging to the color set.

o Moments. The moment invariants [6] of the color set. Mo-
ment invariants are properties of connected regionsin binary
images that are invariant to translation, rotation and scaling.

¢ Centroid: The center of gravity of the color set,  and 3.

Next, we describe how these attributes can be used to build
image filters and how each filter measures similarity. Table 1
summarizes the filters discussed in this section. We roughly
dividethefiltersinto coarse- and fine-resol utionones. One may
want to use a coarse filter at some occasions and fine filters at
others. For instance, if one wants to search wall-papers of a

given pattern, using color masks of different Hamming distance
can be agood choice.

Filter Name | Representation
Color Masks | Number of identical INS colors
Color Histograms | Distribution of colors

Color Average | Similarity comparison within the same JNS color
Color Variance | Similarity comparison within the same JNS color

Soread | Spatial concentration of a color

Elongation | Shapeof acolor
Spatial Relationship | Spatial relationship between major color sets

Table 1. Filter Summary.
3.1 Color Masks

Each image has an 11-bit col or mask, and each bit represents
aculturecolor. If aculture color is present, the corresponding
bit in the mask is set. To filter out noise, we say that acolor is
present only if it covers at least « percent (e.g., one percent) of
the pixels.

To compare two color masks (of two different images), we
employ the Hamming distance. The Hamming distance of
two color masks is the number of colors by which the two
masks differ. For instance, the hamming distance between
{black,red, blue} and {green, red, blue} istwo. Let H, g
denote the hamming distance between color masks M4 and
MB,OrHAyB =My Mp.

The color masks plus the percentage of pixels each present
color covers form a color histogram. To compare the differ-
ence between two color histograms, we can employ traditional
measures proposed by [3, 11].

3.2 Refined Color Matcher

Suppose two color sets belong to the same JNS color (eg.,
navy blue and sky blue). We perform arefined comparison step
to see how similar the colors are. Traditionally, the similarity
measure of two colors is done by comparing the Euclidean
distance between their P, C> and C5 (or HVS etc.) averages.
(We call thisan color-average filter.) We believe that employ-
ing color variance in the similarity measure adds the texture
dimension to the consideration. For instance, the color of a
building is typicaly uniformly distributed aong the € and
(5 axes. (Thevaue of P may vary dueto the lighting condi-
tion.) A INS color on a scenic image is usually perceptualy
non-uniform. For instance, a green pasture may have green of
different saturation and intensity.

The digtribution of a color set can be characterized as a
Gaussian function®. To measure similarity based on the mean
and variance of a culture color, we compare the Gaussian func-
tions represented by two sets of the mean and the variance in
Cs and C5. We define similarity as the intersecting area of
the two Gaussian functions. Given two normalized Gaussian

1The central limit theorem states that the sum of a large number of in-
dependent observations from the same distribution has, under certain general
conditions, an approximate Gaussian distribution. One can assume that the
pixelsin a color set are samples of some objects, which colors follow some
unknown distribution. A reasonable large number of samples of the objects
thusfollow a Gaussian distribution.



functions f () and f»(x) and their means (z; and z-) and
variances (o7 and o), the stati stics community has shown that
the following characteristic distance can be used to depict the

difference between fi(z) and fo(z) [8]: ¥ = % Notice
that the larger the variances, the harder it isto distinguish one
Gaussian from the other.

3.3 Pixd Masks

A pixel mask weights the pixels on an image by their loca
tion. We use w; ; to denote the weight of the pixel at the ¢, j
coordinate. The value of w; ; is between zero and one.

34 Spatial Relationship: Triangle Filter

For some image applications, capturing the spatial relation-
ship between the dominant objects can be helpful. A sunset
picture, for example, can be roughly depicted as an orangecir-
cleaboveadark horizon. A firework show can be characterized
as sparks of colors on a black background. A tree should be
beneath a blue or gray sky and above the land.

We propose using atriangle to capture the spatia relation-
ship between themajor pixel setsonanimage. Weusetriangles
for two reasons. Firgt, the similarity of two trianglesimmunes
from many geometrical transformations such as trandation,
rotation and scaling. Second, any geometrical shape can be
composed of triangles, so triangle filters provide scalahility
for capturing spatia relationship. If we want to capture finer
spatial relationship between more colors, we can form more
triangles.

The three nodes of thetriangleare the centroids of the three
selected pixel sets. When comparing the similarity of two
triangles, we first mark the three vertices of one triangle as
ABC, then we mark the vertex of the other triangle with the
same features (color, shape, texture or any combination of the
three) as vertex A as A, the vertex of the same features as B
as B’, and the vertex of the same color as C as C'. Then we
stretch or shrunk thetriangle A'B’'C’ sothat A’ B’ = AB.

Next, we put these two triangles together so that A’ is on
A, B’ ison B as shown in Figure 2. We cdculate the ratio of
the overlapping area of these two trianglesto the average area
of them, which gives a good idea about how similar these two
trianglesare.

AN c(c) B (B)

Figure 2. Triangle Similarity.
3.5 Shapes

Moment invariants [6] are properties of connected regions
in binary images that are invariant to translation, rotation and
scaling. They are useful because they define a simply calcu-

lated set of propertiesthat can be used for shape classification
and part recognition inside a region. One can identify basic
shapes by examining the first moment of a pixe collection.
For example, many experiments have confirmed that the first
moment of a circle, regardless of its size and location on the
imageisaconstant. Inaddition, severa high-level shape char-
acteristics can be derived from low-level moments. The study
of [7] defines* spreadness’ (which we call spread) asanormal-
ized average distance of pixels to the center of the shape. It
shows how much the shapeis spread. Another important index
is elongation, which reflects how much the shape is elongated.
Moment invariants have been studied in many papers and we
discussthe subject briefly here so that we could use the spread
and the elongation filter in our experiments.

4 Filter Pipeline Mode

Suppose an image set €2 consists of A/ images, denoted as
yi, wherei = 1,2,..., M. Let y, be the query image. A
top- K query findsthe A most similar imagesto y, in€2.

Suppose each image is depicted by N features, denoted as
x;, where j = 1,2,..., N. For feature z;, we implement a
filter /7 for screening out unwanted images to narrow down
the search space. Let S; (s, y,) bethe function that measures
the similarity between image y; and the query image y, for
feature z; and 7 thefilter threshold. We can express filter £
guantitatively as

Fi(Q,7T5) = {yilS; (vi, yg) > Tj and y; € @} (3)

A filter selects images which similarity to the query image is
above thefilter threshold.

The strength of thisfilter-pipelinemodd liesin three areas:
its expressiveness, efficiency and flexibility.

o Expressiveness. Filters can be combined using boolean op-
erators such as and, or, nand, nor, ec. For example, a
traditional linear model that combines « filters can be ex-
pressed as

W= Fl(Fz(...FK(Q,T,Q)...,Tz),Tl).

Itisobviousthat being able to use bool ean operatorsto com-
bine filters improves the expressiveness drastically beyond
the traditional linear model.

o Efficiency: Filters can be ordered judiciously to improve
search speed. Many traditiona query optimization tech-
niques (e.g., index join, hash join, sort join, etc.) can be em-
ployed to minimize search space, reduce intermediate mem-
ory use, and parallelize query processing.

o Flexibility: Different filterscan be sel ected based on different
search goas. More importantly, a filter's threshold can be
adjusted to make the filter coarser or finer for supporting
relevance feedback and personalization. Having a coarser
threshold (lower 73) makes afilter less selective; having a
finer threshold (higher 7);) makes afilter more scrupulous.

5 Preliminary Results

To achieve personalizabl e queries, aquery processor should
be adaptive to user preferences and relevance feedback. When



a user expresses that some returned results are not satisfac-
tory, the query processor learns from the feedback and then
adds, removes or replacesfilters, or changes filter thresholdsto
achieve better results. Because of the space limitation, we only
show three query examples of progressive refinement. (For
additiona experimental results, pleaserefer to[1].) Our exper-
iments were conducted on a collection of 500, 000 randomly
crawled Web images. In the figures where the results are pre-
sented, the query image is on the left-hand side of the figure
and the top five similar images are presented next to the query
image.
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Figure 3. Same Scene Query.

Figure 3 presents the results of queries that look for shots
of the same scene. Thefirst three rows show the search results
of three different search pipelines. The first row used color
histogramsonly (with eleven INS colors). The search returned
images that are quite different from the query one but that
have the similar color composition. We refined the pipeline by
adding afilter that comparestheaveragevaluesof P,Cs and Cs
ineach INS color bin (i.e., average-color filter). Theimproved
result is shown in the second row. Finally, we replaced the
average-color filter with therefined color matcher described in
Section 3.2. We were able to obtain one additional matching
image. Werepeated the same experiment on aclassroom photo.
The last row in the figure shows that the result is satisfactory.
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Figure 4. Color- and Shape-Based Query.

Figure 4 shows the results of queries on adress. First, we
used color histograms and color average as the filters. The
result presented in the first row returns also a pair of shoes.
Apparently, the shape of the dressiis different from that of the
shoes. Wethus added shapefiltersto the pipelineand the result
in the second row eliminates the shoes. (If onewantsto search
for shoes that can go with the dress, the first pipeline is the
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desired one.)

6 Conclusions and Future Work

In this study we enumerate several perceptua characteris-
tics and show how to model and quantify them. We a so show
that our visual system perceives images by combining filters
of different functions and resolutions. By decomposing our
visua systemintofilters, we can dynamically construct ahigh-
level pipeline of filters to perform a specific visua task, eg.,
categorizing an image or identifying an object in an image.
By considering a user’s relevance feedback, this technique of
dynamic visual pipeline construction can support a customiz-
able/personalizabl eimage search enginethat can betailored to
meet thegod of aparticular visual task. Our research will con-
tinue to explore perception-based image characterization and
to formalize the principles and mechanisms for constructing
avisua pipeline and for measuring its cost and performance
(e.g., recall and precision).
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