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Abstract
We propose a novel histogram generation technique
using the HSV color space. The histogram retains a
perceptually smooth color transition that enables us to
do a window-based comparison of feature vectors for
the purpose of effective retrieval of similar images from
very large databases. During retrieval, we use a vector
cosine distance measure for the ordering of image
feature vectors. This distance measure shows an
improvement in the retrieval result over the traditional
Euclidean distance.
Keywords: Image retrieval, HSV color space, Color
histogram, Windowing, Vector cosine distance.

1. Introduction
Content based image retrieval (CBIR) is an important
research topic covering a large number of research
domains like image processing, computer vision, very
large databases and human computer interaction [1,4,7].
Our focus of research is image retrieval in the context
of very large databases including the web where users
can combine textual and image feature-based searches.
We have felt that the color histogram based approach is
the most suitable for such an application since color
matching generates the strongest perception of
similarity to a common user. Also, it is important to
efficiently retrieve images with visually similar colors
than comparatively slow matching of images having the
exact color distribution as in a query image. In many
situations, presence of some of the dominant colors in
the retrieved image is considered a better match than an
exact match of a number of non-dominant colors
present in the query image.

In the histogram-based approach [6], a histogram
corresponding to a query image is compared to the
histograms of all the images stored in the database
using a standard distance measure. Some of the
measures used are Manhattan, Euclidean and the Earth
Mover’s distance [1,3]. We use a novel histogram
generation technique based on the Hue, Saturation,
Value (HSV, also called the Hue, Saturation, Intensity –
HSI) color space where a perceptually smooth
transition of color is maintained in the feature vector.
This enables us to use a window-based comparison of
histograms so that similar colors can be matched
between a query and the target images.

A standard way of generating a color histogram is to
concatenate the higher order two bits for each of the
Red (R), Green (G) and Blue (B) values in the RGB
space. Smith and Chang [5] have used a color set
approach to extract spatially localized color information
and provided for efficient indexing of the color regions.
In their method, the large single color regions are
extracted first, followed by multiple color regions. They
utilize binary color sets to represent the color content.
Ortega et al [2] have used the HS co-ordinates to form a
two-dimensional histogram. The H and S dimensions
are divided into N and M bins, respectively, for a total
of NxM bins. Each bin contains the percentage of pixels
in the image that have corresponding H and S colors for
that bin. They use the intersection similarity, which
captures the amount of overlap between the two
histograms. Our approach to histogram generation from
the HSV space is different from these methods as we
have a one-dimensional histogram that uses the hue and
intensity values only based on the saturation of each
pixel. A perceptually smooth transition of colors is
retained in the generated histogram that can be used for
a window-based comparison of feature vectors for
similar image searches. Instead of using the Euclidean
distance measure, we compute a vector cosine based
distance between histograms during retrieval.

We explain the histogram generation approach from
the HSV color space in the next section. The sliding
window-based image searching is presented in section
3. In section 4, we describe the vector cosine distance
measure. We present experimental results in section 5
and draw conclusions from our work in the last section
of the paper.

2. Histogram with Perceptually
Smooth Color Transition using HSV
Color Space
 We propose a new histogram generation technique
from the HSV color space where each pixel contributes
either its hue ‘H’ or its intensity value ‘V’ based on its
saturation ‘S’. The RGB space is first mapped to the
HSV space [8]. A three dimensional representation of
the HSV space may be considered as a hexacone, where
the central vertical axis represents the intensity. Hue is
defined by an angle in the range [0,2π] relative to the
Red axis with pure red at angle 0, pure green at 2π/3,



pure blue at 4π/3 and pure red again at 2π. Saturation is
the depth or purity of the color and is measured as a
distance from the central axis with value between 1 at
the outer surface for a completely saturated color, to 0
at the center which represents a completely unsaturated
color. It is our observation that, for S=0, as one moves
higher along the intensity axis, one goes from Black to
White through various shades of gray. On the other
hand, for a given intensity and hue, if the saturation is
changed from 0 through 1, the perceived color changes
from a shade of gray to the most pure form of the color
represented by its hue. Looked from a different angle,
any color in the HSV space can be transformed to a
shade of gray by sufficiently lowering the saturation.
The value of intensity determines the particular gray
shade where this transformation converges. It is seen
that when saturation is near 0, all the three colors look
alike and as we increase the saturation towards 1, they
tend to get separated and are perceived as the colors
represented by their hues. Thus, for low values of
saturation, a color may be approximated by a gray value
depending on its intensity level. For higher saturation,
the color may be approximated by its hue. The
saturation threshold that determines this transition is
once again dependent on the intensity. For low
intensities, even for a high saturation, a color is close to
the gray value and vice versa. This nature of the HSV
space is central to our method of histogram generation.
We use the following threshold function to determine if
a pixel could be represented by its hue or its intensity in
the color histogram.
th(V) = 1.0 – (0.8/255)V (1)

In the above equation, we see that for V=0, th(V) =
1.0, meaning that all the colors are black whatever be
the hue and saturation, as expected. On the other hand,
with increasing values of the intensity, saturation
threshold that separates hue dominance from intensity
dominance goes down. Saturation gives an idea about
the depth of color and human eye is less sensitive to
such a variation as compared to color or intensity
variation. We, therefore, use the saturation value of a
pixel to determine whether the hue or the intensity is
more pertinent to human visual perception of the color
of that pixel and ignore the actual value of the
saturation. The proposed color histogram is a vector
consisting of a number of quantized hue and intensity
values only. When the application domain is a
similarity search for images in a very large database, it
makes more sense since it is necessary to access similar
images faster rather than an exact match of all the
colors.

We extract a color histogram as the feature vector
from each image having two parts: (i) A representation
of the hue value between 0 and 2π quantized after a
transformation and (ii) A quantized set of gray values.
The number of components in the feature vector
generated based on hue is given by:

Nh = Round(2πMULT_FCTR)  + 1 (2)
Here MULT_FCTR is the multiplying factor that

determines the quantization level for the hues. We
typically choose a value of 40. The number of
components representing gray values is:
Ng = Round(Imax/DIV_FCTR) + 1  (3)

Here Imax is the maximum value of the intensity,
usually 255, and DIV_FCTR is the dividing factor that
determines the number of quantized gray levels. We,
typically, choose DIV_FCTR = 8. Thus, the total
number of components in the complete histogram is:
N = Nh + Ng (4)

The quantized values of hue may be considered
circular since hue ranges from 0 to 2π, both the end
points being red. The circular nature of the hue values
as well as the uniform transition of color in the
histogram forms the basis of a window-based
comparison of feature vectors in image retrieval. The
feature vector may be conceptually represented as a
sigma shaped vector or as a combination of two
independent vectors. The algorithm for generating the
color histogram (Hist) may be written as follows:
For each pixel in the image
Read the RGB value
Convert RGB to HSV
If (S > (1-(0.8V/255))) then
   Hist[Round(H.MULT_FCTR)]++
Else
  Hist[Round(2πMULT_FCTR)+ Round(V/DIV_FCTR)]++
We normalize the histogram and extract the feature

vectors from all the available images and store them in
the database. The distance measure and a window-
based comparison of feature vectors for image retrieval
is explained in the next section.

3. Window-based Comparison of
Feature Vectors
When color histograms are extracted from two similar
images, often two neighboring but not exactly the same
components in the histograms may have high values.
This is because of the fact that two colors that appear
close to human eye may have slight difference in shade
and map to two neighboring components in the
histograms. When a standard measure is used to order
such feature vectors, the result may show a high
distance value. The specialization property inherent in
the process of histogram generation suppresses the
generalization capability required by an application like
image retrieval. Reducing the quantization level does
not solve the problem since (i) It tends to add
neighboring pixel counts from one end of the feature
vector and (ii) A lower quantization level, and hence a
less number of components, reduces the separability of
colors. To overcome this drawback, we compare two
histograms through averaging windows instead of the
components directly. Conventional histograms
generated from RGB color space fail to provide the



requisite perceptual gradation of colors as required by
such a comparison. The histogram generation method
proposed by us retains this property in the generated
feature vector. Since we derive both color and gray
level features using the HSV space, there are two
independent color continuums in the histograms, one
from Redà GreenàBlueà Red and the other from
BlackàGrayàWhite. At the time of determining the
distance between the query vector and each target
vector, instead of directly considering the feature
values, we consider the value of the feature averaged
over a window of components placed on the current
feature. The averaging is done considering a weight
given to the different components. For the jth

component (j ∈ [0, Nh+Nv-1]), with a window size of
2N+1, the averaged value is calculated as follows:

Av(j) = 0
For k = -N to +N
If j < Nh
   If (j+k) < 0
       Av(j) = Av(j) + wkHist[j+k+Nh]
   Else
        Av(j) = Av(j) + wkHist[(j+k)%Nh]
   End if
Else
    If (j+k) > Nh and (j+k) < (Nh+Nv)
       Av(j) = Av(j) + wkHist[j+k]
    End if
End if
Av(j) = Av(j)/(2N+1)

Here wk = 2-|k| and % represents modulus operation.
From the above algorithm, it is seen that for the

leftmost components, the average is computed
considering the rightmost end of the components
representing hue. Similarly, for the rightmost hue
components, we consider the leftmost hue components
as the neighbor for windowing. Thus, the continuity of
hue from 0 to 2π is retained in the window-based
comparison. For the components representing gray
values, sliding window moves from the leftmost gray
value (i.e., Black) to the rightmost gray value (i.e.,
White) only, without a circular relationship and without
a neighboring relationship with the hue components.

4. Vector Cosine Distance Measure
While comparing two feature vectors, for each
component, we calculate the average feature value in
the neighborhood as explained in the last section and
then use vector cosine as the distance measure between
vectors. The vector cosine distance measure between
two arbitrary vectors X (x1,  x2,… xN) and Y (y1, y2, …,
yN) is given by:
Cosθ = X.Y/||X||||Y|| (5)

The property of the measure is that a higher value of
the measure gives a closer vector and vice versa. This is
in contrast to the standard Euclidean distance where a
higher value of the distance represents vectors that are
further apart. We have observed that the vector cosine

distance measure gives a different ordering of vectors
as compared to the Euclidean distance. In image
searches, it is essential to boost the similarity between
two images when both of them have high values of a
feature component. Traditional L1 and L2 measures
ignore the feature strength and compare the difference
only. As a result, same difference values have equal
impact on the overall distance independent of whether
the feature components are themselves high or low. We
would, however, like to re-emphasize that the
inferences from the results of histogram and window-
based comparison hold equally well for distance
measures other than vector cosine including the
standard Euclidean distance measure.

5. Experimental Results
We show the performance of the new histogram in
figures 1(a)-(c). In each of the results, the first image is
the query and 15 most similar images are displayed
next to it. From the figures, it is seen that our system
using the new histogram performs much better than a
conventional histogram based system. The vector
cosine distance measure further tunes the result. Our
experimental results given in figure 1(a)-(c) are based
on a database of 650 photographic color images derived
from the web and IMSI master clips. Relevant set
consisted of 10 closely related images for each query
image. From the figures we see a recall value of .9 and
a precision value of .6 when the number of hits is 9
using the new histogram and vector cosine distance
measure. A number of tiger images with blue
background are retrieved that are ignored by the
traditional color histogram.

In figures 2(a)-(c), we show how the retrieval results
improve with the window width parameter. It is seen
that for window width=0, two of the chimpanzee
images are ignored. For a window width of 5, one is
ignored. For 9, all the chimpanzee images are retrieved
and ordered towards the beginning. The chimpanzee
images that are missing in figure 2(a) have slightly
different shade compared to the others and hence, are
ignored if no windowing is done. Application of a
window with suitable width brings them in the result
set. Again, for a very large window, different distinct
colors tend to get added up and hence we do not see
better results anymore.

6. Conclusions
We have suggested a novel histogram that has
perceptually smooth transition of colors for the purpose
of fast retrieval of similar images from very large
databases. While it is well established that color itself
cannot retain semantic information beyond a certain
degree, we have shown that retrieval results can be
considerably improved by choosing a better histogram.
Window-based comparison of feature vectors further
enhances the performance of the histogram-based



approach. The properties of the vector cosine distance
measure are being looked into further since we get
promising results as compared to Euclidean distance.
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Figure 1. Retrieval results for the same query image using (a)
Standard histogram and Euclidean distance (b) New
histogram and Euclidean distance and (c) New histogram and
vector cosine distance.
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Figure 2. Retrieval results for sliding window comparison
with window width (a) 0 (b) 5 and (c) 9.


