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Abstract

Content-based image retrieval primar-
ily used color distributions as descrip-
tors of the image content; researches
have since focused on the use of var-
ious color representation spaces, color
and illumination invariance, color quan-
tization and color matching. In order
to overcome the many limitations of the
description by a first-order distribution,
several higher-order distributions have
been introduced since (like autocorrel-
ogram or color coherence vectors). Al-
though they can perform better, their
computational complexity is prohibitive
and they require parameter setting. We
propose to upgrade the first order color
distribution (color histogram) by em-
bedding for each color additional infor-
mation about its perceptual or statisti-
cal relevance. Such information is ob-
tained by using local activity measures
such as the Laplacian, the entropy and
others. Histograms computed on win-
dows and combined by different ways
of accumulation improve the informa-
tion on geometric repartition of colors.
We prove that the new color distribu-
tion family is compact, robust and easy
to compute and provides a superior re-
trieval performance, independent with
respect to the color representation.
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1 Introduction

Content-based image retrieval (CBIR) became a
must in the last decade. Powered by the explosive
development of the Internet, Web and the con-
tinuously cheaper digital imagining devices and
technologies, applications such as digital libraries,
image archives, video-on-demand and specific im-
age databases emerge as a real-life fact. The ba-
sic idea of the CBIR process is to compactly de-
scribe an image by a digital signature and then
match the query image to the most resemblant
image within the database according to the sim-
ilarity of their signatures. Traditionally, the con-
tent description is done (for either global or par-
tial queries) according to the notions of color and
texture. Thus the signatures are color distribu-
tions (histograms [1], color moments [2], color co-
herence vectors [3]), second-order, spatially con-
strained color distributions (color correlograms
[4], edge correlograms [5]) or classical textural de-
scriptors (Fourier coefficients [6], wavelet coeffi-
cients, Markov random field parameters, etc. [7]).

Starting with the works of Swain [1], the color
distribution (histogram) became the main feature
descriptor for image content. Given a color image
f, of size M by N pixels, characterized by the
color ¢ at location (3, §), i.e. ¢ = f(,7), the color
distribution (histogram) of the color set C is given
by:

M-1N-—
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In the equation above §() is the unitary impulse
function. We notice that the h(c) values are nor-



malized in order to sum to one. The value of
each bin is thus the number of image pixels hav-
ing the color ¢, or, after normalization by M N,
the probability that the color ¢ appears in the
image. Thus, in the classical histogram defined
by (1), any pixel (regardless the color representa-
tion space) contributes with a constant weight (1
before normalization, or 1/M N after the proba-
bilistic normalization), invariant with respect to
the local image context.

Pixels having the same color are generally not
similar (since they can represent corners, edges,
uniform areas, etc.); according to this observa-
tion, Pass et al proposed in [3] to classify the
pixels into two classes: coherent and contour. A
coherent pixel is defined by the color uniformity
of its neighbourhood, whereas the contour pixel
is situated close to the separation lines between
the image objects and thus it is characterized by
a non-uniform neighbourhood. The color coher-
ence vector (CCV) proposed in [3] is a separate
counting of contour and coherent pixels, into two
color distributions (histograms). Still, there is no
further distinction for the pixels of any of the two
classes, the contour/ coherent decision needs the
definition of some parameters (that are not neces-
sarily constant for different images) and the color
distribution is twice the size of the classical his-
togram. In this contribution we will revisit the
use of color histograms from the perspective of
embedding some local information about the sta-
tistical and visual relevance or importance of each
pixel. In the following section we will describe the
proposed modified histogram — the weighted color
histogram and the various measures that describe
the local behaviour of the colors. Section 3 will
describe experimental results and section 4 will
summarize the conclusions of this work.

2 The weighted histogram and
weighting schemes

The approach proposed by the CCV [3] can be
further refined by the classification of the im-
age pixels in more than two classes, according
to a local attribute (such as the edge strength).
We can easely imagine a classification in three
classes, consisting of pixels charaterized by a
small, medium and high edge strength. The num-

ber of classes is thus related to the number of
quantization level of the pixel attribute’s. At the
limit, since every pixel has acquired a supplemen-
tary, highly relevant characteristic, we can easely
imagine a one pixel per class approach, which
will certainly provide a very accurate description
of the image, but will require a very important
size. In order to keep the balance between the his-
togram size and the discrimination between pixels
we propose to adaptively weight the contribution
of each pixel of the image into the color distribu-
tion. This individual weighting allows a finer dis-
tinction between pixels having the same color and
the construction of a weighted histogram that ac-
counts both color distribution and statistical non-
uniformity measures. Thus, we will use a modified
histogram, defined as:
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In the equation above w(4, j) is the weighting co-
efficient of the color at spatial position (z,5). We
may notice that, since w(%,7) must be a scalar,
we cannot use any color statistics (which are nec-
essarily vector triples). Intuitively the account-
ing within the color distribution of some local
measures of each pixel could be considered as a
way of integrating both color and texture, pro-
vided that the local measure have a textural back-
ground. In the following subsections we will de-
scribe the proposed weighting schemes: by the
edge strength (Laplacian), by probabilistic mea-
sures and by fuzzy measures. Indeed, the proba-
bilistic measures describe the local degree of chaos
in the coloring; the fuzzy measures reveal the per-
tinence of the color of the current pixel with re-
spect to its neighbourhood and the edge strength
measures both the local non-uniformity and the
presence of strong visual cues (as edges or cor-
ners). Thus, the weighting is to be computed
on a neighborhood of the current pixel and must
quantify the color activity (or visual importance,
or non-uniformity) of that neighbourhood. That
implies that w(¢,5) is increasing with the color
non-uniformity.

395



2.1 Laplacian-based measures

Visual perception studies have proven that edges
in general, and corners in particular, are very im-
portant to scene analysis. Such information is
provided by the image Laplacian A(z, ) [8]. The
color Laplacian operator A(%,j) that we will sub-
sequently use is the L, aggregation of the scalar
Laplacian operators computed on each color com-
ponent of the image. A weighted histogram sim-
ilar to (2) was presented in [9] as a tool for im-
age thresholding; if A(7, ) is a Laplacian operator
computed at location (%, 5), the thresholding his-
tograms were defined as:

M-1N-1
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or
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(4)

The relation (3) emphasizes the weight of pixels
that belong to constant (uniform) regions: their
Laplacian is very small, so they sum with an uni-
tary weight; the pixels placed on the edges are
characterized by an important Laplacian and thus
their contribution to the corresponding ¢ bin is
very small. This behavior is thought to reduce
the influence of the uncertain colors, situated at
the border between different objects and is de-
rived from the gray-scale image case of choosing
the segmentation thresholds as the minima of the
histogram. The relation from (4) corresponds to a
dual behavior, counting the colors proportionally
to their edge strength. Since the edge informa-
tion is highly relevant, we finally have chosen the
weighting coeflicient in (2) as the squared Lapla-
cian:

w(i, j) = A%, ). (5)

2.2 Probabilistic measures

Since the key factor in the evaluation of the local
color activity is the color variability within some
neighbourhood, the probability of occurrence of
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the current color ¢ = f(3,j) within its neighbour-
hood could be a good estimate. If this probability
is high, the neighbourhood include a significant
uniform area, colored with ¢ and thus the contri-
bution of the color to the modified histogram must
be reduced. If the probability of finding color ¢
within its spatial neighbours is small, it follows
that color ¢ is rather singular (corner, isolated
point), and thus its contribution to the modified
histogram (2) must be increased.

Thus, we propose to use a weighting coefficient
that is inverse proportional with the number of
pixels N;;(c) having the same color ¢ within the
square window of size D, centered at the current
location (,5) (with ¢ = f(¢,5)). We define Ny;(c)
as:

p/2 D)2
Ny©= S S 6(fG+Hmitn) - £
m=—D/2n=-D/2
(6)
Thus, the weighting coefficient in (2) is:
1
w(i,j) = . 7
(i,5) S (7)

Obviously the simple probabilistic approach de-
fined by (7) measures the local non-uniformity
form the current color’s point of view. A global
measure must take into account the occurrence
probabilities for all the colors within the neigh-
bourhood. The informational entropy could thus
be used in order to measure the overall dissimilar-
ity. Since the entropy is maximal when the prob-
abilities are equal (and thus there are no identical
colors within the neighbourhood) and is zero if
the neighbourhood is absolutely uniform, we pro-
pose to use the informational efficiency (entropy
to maximal entropy ratio) as a weighting coeffi-
cient of the colors:

> crec Nij(¢') log Nij(c')
2D?log D ’

w(i,j)=1- (8)

2.3 Fuzzy measures

From a numerical point of view, the usual his-
togram h in (1) maps the color set C into the
interval [0,1]. According to Zadeh’s [10] theory,
such a function is a fuzzy set. In [11], Bezdeck fur-
ther noticed that any such function can be a fuzzy



set, but actually becomes a fuzzy set if and only
if it fits a semantically plausible description for
the properties of the object (the color in particu-
lar) within the universe (the color set C). Thus,
the normalized histogram from (1) cannot be a
fuzzy set, as its semantical description is void
from the uncertainty point of view. Digital im-
ages are mappings of natural scenes (sampled and
quantized slices of 3-d reality) and thus have an
important amount of uncertainty, in both value
and location (spatial support) [12]. We will focus
on the imprecise nature of the pixel values, since,
in a complex, natural scene, most likely there is
no perceivable difference between the gray levels
of 99 and 100 (as suggested in [13]), or the colors
— expressed as RGB triples — (201,100,199) and
(200,100,199) (used for color image filtering, as
suggested in [14]).

The simplest approach [15] is to normalize the
usual histogram in (1) by the value of its largest
bin, in such way that the most probable color will
have a membership degree of 1 within the fuzzy
set “image”. The most predominant color can be
thus considered as the most typical for the given
image and the constructed fuzzy histogram (9)
measures the typicality of a color within the im-
age. For the entire image this leads to the fuzzy
histogram h, [15], [16]:

h(c)

h = —"
l(c) maxeec h(c,) ’

Ve e (. 9)

The normalization by the mode from (9) allows us
to assign the maximum, unitary typicality to the
color that is dominant within the image, regard-
less its probability of appearance (which is not
the case of the usual histogram). The discussion
from the previous subsection still holds if we are
replacing, for the current color, the probability of
occurrence within its neighbourhood by its typi-
cality with respect to the same neigbourhood. If
we denote by Npax the maximum number of pix-
els having the same color in the neighbourhood of
pixel (4,7) (that is Npayx = maxgec Nij(c')), we
have the following two expressions for the weight-
ing coeflicient w(<, j):

Nma.x
Nij(c)

w(i, j) = (10)

D?10g Nax — S eec Nij(€) log Nyj(c)
Nmax log D?

w(i,j) =

(11)

Equation (10) is the fuzzy variant of (7). The
weighting by the fuzzy entropy from (11) reduces
to the entropy weighting from (8) if Nmax = D

3 accumulative histograms

color histogram gives a global statistical infor-
mation on color repartition in the image. Fig-
ure 1 show two images having the same color
histograms. if we divide the images into win-
dows, we notice that the information of local his-
tograms computed on each window is richer than
the global color histogram. In fact the first win-
dow of the right image contains much more of
black pixels than other windows. If we combine
informations on colors from the local histograms
it will be possible to characterize better the geo-
metric repartition of colors. The idea of accumu-
lative histograms is to embed geometric informa-
tion on colors by emphasizing their local agglom-
eration in windows.

1 2 1 2
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li |
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Figure 1: two images with the same color his-
togram but with different geometric repartitions
of colors.

3.1 mutliplicative accumulation

We introduce a multiplicative accumulation of lo-
cal histograms computed on windows by:

M
o) = M []Q + hi(e), Yee € (12)

i=1

where h; is the color histogram computed on the
i*" window. M is the total number of windows.
The weighting factor 1 + h;(j) is as important as
the presence of the color ¢ in the i*" window is
high.
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3.2 additive accumulation

We introduce an additive accumulation of local
histograms by :

N

e) =) f(hi(e), YeeC  (13)

i=1

Where f is a function that emphasizes the local
presence of colors. the L; distance between two
histograms can be written:
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Figure 2: two histograms with the same respective
difference of bins.

c is as high as h;(c) is great. So we choose f
as an increasing function. Figure 2 show 2 his-
tograms with only 2 bins. The respective differ-
ence between bins are the same but the bins 2
are higher. We can say that visual similarity be-
tween the color of the bin 2 is more important
than the bin 1. So the function f should reduce
the difference between higher bins. From equa-
tion (14) a sufficient condition to satisfy is that
|f| should be a decreasing function. We have
chosen power function f(z) = z™ 0 < m < 1,
this choice satisfy the two conditions that we im-
posed. f'(x) = mz™ ! is a positive function and
If'I'(z) = m(m — 1)z™"2 is a negative one. An
experimental study leads us to choose m = % for
the parameter of the function f.
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4 Experiments

The experiments performed in order to establish
the retrieval capabilities of the proposed fuzzy his-
tograms were conducted using the Ikona software
platform [17] developed at IMEDIA. We investi-
gated both the objective and the subjective re-
trieval quality, on two different, heterogeneous,
generalist image databases. A first, small, image
database consists of 210 key frames from a televi-
sion broadcast (part of the AIM corpus of INA),
manually grouped into similarity classes. A sec-
ond image database consists of 792 color textures
from both regular and irregular textures (part of
the textures are from the Vistex database at MIT
MediaLab). We tested the retrieval capabilities
of the proposed histograms for various color rep-
resentation spaces. We finally selected the RGB,
HSV and Lab color space as prototypical: RGB
is the primarily acquisition space, HSV is the
preferred natural-language color description mode
and Lab models the perceptual inter-color differ-
ence by the Lo metric. No color invariance models
were considered for the moment, although some
simple and powerful models have been proposed
[18], [19].

Figures 3 and 4 show retrieval results within the
used image databases; the weighted histogram
performs clearly better (with increased recall and
precision rates).

Figures 6 and 7 show the precision-recall curves
in the mentioned color spaces for the usual color
distribution (1) and the weighting-updated color
distributions (2).

Figures 8 shows the precision-recall curves of the
usual histogram and the accumulative histograms
(additive and multiplicative accumulation). All
the modified histograms perform well, providing
an increased effectiveness with respect to the clas-
sical color distribution. The improvement is ob-
tained regardless the color representation.

5 Conclusions

This contribution proposes the upgrade of the
usual color distribution (histogram) by an adap-
tive weighting of each pixel’s contribution. The
weighting is related to a local measure of color
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Figure 3: Image retrieval for the same query im-
age (top left, blue contour highlighting) using
the RG B uniformly quantized color space and L,
metric. Upper picture block - retrieval by the
usual histogram. Lower picture block - retrieval
by the Laplacian weighted histogram, providing
an increased accuracy. The images are presented
in the order of decreasing similarity, from left to
right and top to bottom. Thus, for the given
query, the retrieval by the usual RGB histogram
provides a 60 % accuracy, and the retrieval by the
laplacian weighted histogram provides a 100 % ac-
curacy. The keyframes of the television broadcast
are available by courtesy of INA - Institute Na-
tional de I’Audivisuel of France, who kindly pro-
vided the image database.

non-uniformity (or color activity), computed
within a neighbourhood of the pixel. The pro-
posed non-uniformity measures are based on the
evaluation of perceptual cues (corners and iso-
lated colors, by the use of the Laplacian), sta-
tistical color area distribution (by the use of lo-
cal probability of occurrence and inormational
entropy) and local color relevance (by a fuzzy
typicality and fuzzy entropy). The magnitude
of all these measures increases with the local
color variability, being minimal for uniform re-
gions. The introduced method of accumulative
histogram characterize well geometric repartition
of colors within the different windows on which
local histograms are computed. The performance
of these modified histograms are quite better than
usual histogram.
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Figure 4: Image retrieval for the same query im-
age (top left, blue contour highlighting) using
the RG B uniformly quantized color space and L
metric. Upper picture block - retrieval by the
usual histogram. Lower picture block - retrieval
by the Laplacian weighted histogram, providing
an increased accuracy. The images are presented
in the order of decreasing similarity, from left to
right and top to bottom. Thus, for the given
query, the retrieval by the usual RGB histogram
provides a 25 % accuracy, and the retrieval by
the probability weighted histogram provides a 75
% accuracy.

The objective quality measures (precision-recall
curves) show that the proposed approaches per-
form better than the usual color histogram, re-
gardless the color representation space. The new
histograms have the same size as the usual color
distribution and can be compared by the same
metrics and its computational complexity is not
excessive. Thus we claim that the weighted and
the accumulative histograms can be indeed a valu-
able upgrade to the traditionally color distribu-
tion based image retrieval.
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