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Abstract

Color space quantization, which maps all points in a color
space to a small set of representative points, is essential in
many applications such as graphic rendering and image re-
trieval based on color features. In this research, we propose
and compare several hierarchical quantization schemes in
different color spaces. Examples from image retrieval and
cartoon rendering are used to compare the performances of
different proposed quantizers which include computational
complexity, correct retrieval rate, and human visual effect.

I. Introduction

Digital images are often represented in the RGB space with
8 bits for each primary color of R,G, and B. Thus, color dis-
tribution of an image is defined on a cubic lattice consisting
of 256×256×256 (16.8 millions) points. However, for ap-
plications such as color image retrieval and graphic render-
ing, such a fine resolution is often more than necessary. It
is more economical to perform color space quantization,
i.e. mapping these points to a much smaller set of represen-
tative points. In this research, we propose several ways to
design hierarchical quantizers which partition a given color
space into smaller subspaces with a coarse-to-fine ap-
proach. With such vector quantization  (VQ) schemes, we
are able to stop the quantization process at a certain desired
level, and save unnecessary storage and computation. The
most important feature of color quantizer design is to select
the code vectors as the centroid of training vector clusters,
where a good distance measure is required. In this paper,
we investigate the distance measure in a space which takes
into account the human perception response.

Most natural images consist of complicated textured
patterns, numerous possible colors, and rich variations of
intensity levels. Compared to natural images, cartoon im-
ages have several features, scene simplicity, less number of
colors and color uniformity. They could be potentially ex-
ploited to achieve a better rendering performance. It is well
known that the colors of a cartoon images are either uni-
form or changing regularly within a certain region. There
are however some thin strokes scattering inside a region,
which give the meaning of the scene, such as eyes, nose and
mouth strokes in an otherwise blank face. It is very impor-
tant to keep these details, which are essential for the recog-
nition and entertainment purpose. So far, there is no
rendering scheme developed to explore these features. In
this work, we develop a simple but efficient coding scheme

for the rendering of cartoon images by taking there special
characteristics of cartoon images into account.

This paper is organized as follows. In Section II, hier-
archical color quantization schemes are introduced. The
human visual response to color differences is discussed in
Section III. Applications in color image retrieval and ren-
dering are presented in Section IV. Experimental results
are given in Section V to demonstrate the performance of
proposed hierarchical color quantization schemes. Con-
cluding remarks are given in Section VI.

II. Color Quantization and Applications

Color Spaces
There are several commonly used color spaces such as

CIE, RGB, HSV, CIELUV, etc. Our design and analysis
are carried out in these typical color spaces based on statis-
tical distributions in these spaces.5 In other words, color
distributions of the entire database on these color spaces are
analyzed to develop a good quantization strategy.

(1) RGB Color Space
Digital images are normally represented in the RGB

space. The distribution of each component R, G, B is flat
except at the two end points which correspond to the back-
ground of images. This corresponds to a near-uniform col-
or distribution in each of these axes so that we can use
uniform quantization for each of the color axes. Because R,
G and B have the same contribution to the color sensitivity
of human eyes, the quantization steps of R,G,B should be
same.

(2) HSV Color Space
HSV (Hue, Saturation, Value) is an intuitive color

space in the sense that each component contributes directly
to the visual perception. Other closely related color spaces
include HSI (I: Intensity), HSL (L: Lightness) etc. Since
the Human Visual System (HVS) is more sensitive to H
than S and V, H should be quantized finer than S and V.

(3) YUV Color Space
In the YUV space, Y represents the luminance compo-

nent of a color whereas U and V represent the chromaticity
components of color. One advantage of the YUV space is
that the luminance is separated from chrominance, which is
a feature useful in compression and image processing. U
and V are approximately Laplacian distributed and Y is
nearly uniform. Thus the quantization should not be uni-
form in the U and V coordinates to reduce the quantization
error.
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(4) Munsell Color Space
There are a lot of effort (e.g., Munsell, CIELUV,

CIELAB) to linearize the perceptibility of color differenc-
es. These color spaces have two features: scale linearity
and psychological independence of one coordinate to the
other.  

Quantizer Design
Several commonly used color space quantizers are

summarized below:

(1) Uniform Quantizer
Each axis of the color space is uniformly subdivided

into pre-specified number of bins with each bin of the same
size. The advantage of the uniform partitioning scheme is
that it is straightforward and is the simple choice in the ab-
sence of information regarding the color distribution of the
database images. It introduces a large quantization error
when the color distribution is highly nonuniform.

(2) LBG Quantizer
The LBG or the k-means quantizer is a method to par-

tition the vector space by the minimization of the mean-
squared error (MSE). When applied to color space quanti-
zation, it treats each pixel of images in the database as a
vector in the 3-D color space and the quantizer optimally
subdivides the color space into a specified number of sub-
spaces so that the resulting MSE is minimized. The biggest
advantage of k-means quantization is the optimum parti-
tioning of the color space so as to use the number of histo-
gram bins effectively. However, the main disadvantage is
the increased processing complexity.

(3) Product Vector Quantizer
Although k-means quantizers result in the  optimum

partitioning of color spaces, it is inefficient as a quantiza-
tion scheme for image databases due to the computational
complexity. A simpler quantization method is to divide the
color space where the partition is perpendicular to each axis
of the color space. This can be done by a method known as
product VQ. In particular, a Lloyd-Max quantizer can be
applied to each axis of the color space separately  to opti-
mize the mean squared quantization error along each axis
independently. Thus, the quantization scheme subdivides
each axis separately according to its individual color distri-
bution. The advantage of such a color quantization scheme
is that the computational complexity of the histogram ex-
traction is greatly reduced. Thus, product VQ  with the
Lloyd-Max quantizer results in a better partitioning of the
color space as compared to uniform quantization without a
tremendous increase in computational complexity.

Hierarchical Quantizer
Hierarchical quantizers can be designed based on a

generalization of these three approaches. For uniform and
product VQ quantizers, we can adopt a split-and-merge
process to partition the color space into an octave-tree
structure. For LBG quantizers, the tree-structured vector
quantization (TSVQ) technique can be exploited to reorga-
nize the data points in the 3-D color space into a hierarchi-
cal tree. However, its computational complexity is usually
much higher. 

III. Human Vision Factors

To implement a good vector quantizer which is consistent
with HVS model, we would like to find a metric which
measures color differences (or color distance) with respect
to human perception responses. Quantitative measurement
of the color distance has been studied extensively, and psy-
chophysical experiments has been conducted to determine
the Just Noticeable Color Differences (JNCD) in an ordi-
nary color space such as RGB or XYZ spaces.1 However,
as we would expect, JNCD is not uniform along the three
axes in an ordinary color space. Therefore, the difference
between two colors cannot be directly computed as the Eu-
clidean distance between these two colors. The infinitesi-
mal color difference ds of two neighboring colors can
written as

where metric coefficients depend on xi..
To find the difference between two colors, we have to

integrate Equation (1) from one color to the other. The in-
tegral is path-dependent and the actual distance is the inte-
gral along the path which yields the minimum distance
between the two colors. Methods such as dynamic pro-
gramming and steepest descent methods2 has been used to
determine the geodesics.

Since the computation costs in 2 is quite high, an alter-
native is to map the traditional space to another space with
a uniform color difference, and to find the transformation
between the original and the mapped color spaces. Several
such spaces has been proposed, CIELAB and CIELUV are
two most prominent systems which both became CIE stan-
dards in 1976. In these spaces, color differences in an arbi-
trary direction are approximately equal. Thus the relative
color distance of two colors can be determined by the Eu-
clidean distance between them in this space. Some quanti-
tative analysis3 indicated that these two spaces have
approximately the same uniformities of color differences.
However, it is noted that for applications involving self-lu-
minous displays, LUV has been the more popular one of
the two since it is the more linear than LAB. Another rea-
son that we should choose LUV over LAB is the conver-
gence issue in VQ. In RGB space, the color gamut is the
unit cube, in which the General Lloyd-Max Algorithm
(GLA) of VQ is guaranteed to converge since the domain
is convex. The same guarantee is also ensured in other
spaces such as XYZ, YIQ and YUV, which are linear trans-
formed from the RGB space so that their color gamuts are
also convex. However, LAB and LUV spaces do not have
a linear relations with the RGB space. From the color gam-
ut shown in Figure 1, we see that the LAB gamut is highly
concave, while the LUV gamut is near-convex. Therefore,
it is quite unlikely for the resulting code vectors to fall out-
side the LUV gamut in practical situations. If this happens,
we can still project the code vector back to the nearest point
in the gamut, which should be close enough to the optimal
solution.
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IV. Applications

Color Image Retrieval
The color histogram of an image describes its color

distribution, where every color in the image corresponds to
a point in a 3-D color space. Each pixel in a 24-bit image is
one of  possible colors. As explained earlier, a such fine
color resolution is impractical for image retrieval. There-
fore, the color space can be quantized to reduce the color
resolution or the color depth. The quantized color histo-
gram is then used along with suitable color similarity mea-
sures to aid image retrieval.

Global color histogram is widely used to facilitate re-
trieval process because of its robustness with respect to
scaling, orientation,  perspective and occlusion.6 It pro-
vides a good approach for retrieving images that have sim-
ilar overall color content. The archived images can be
sunsets, beach scenes, ski scenes etc. There are two aspects
in color-distribution-based retrieval: the derivation of his-
tograms, and the distance metric. Color quantization
scheme is critical to image retrieval based on color fea-
tures. The effects of different quantization schemes on the
performance of retrieval are investigated in this work. The
histogram intersection method7 is used to measure the sim-

ilarity of histograms. Experimental results are shown in
Section 5.

Cartoon rendering
The performance of image rendering is affected by

many factors. One of them is that the monitor cannot pro-
vide all the necessary colors to fully render the image. To
reduce the number of required colors, neighboring colors
have to be combined and represented with a single color so
that the whole image is rendered by a smaller number of
colors. This procedure is equivalent to the VQ process in
the color space. Every color in the image can be taken as a
sample point in the color space. Then, we do the quantiza-
tion in the color space. Each centroid represent a color
which can be used to replaced any color samples inside this
cell. We perform experiment with many combinations of
VQ schemes and color space representation discussed ear-
lier, and then use both their objective MSE’s and subjective
visual performances to evaluate these quantizers. The MSE
measures the overall fidelity of VQ-colored image from
full-colored image while the visual investigation emphasiz-
ing the resemblance of some specific colors and artistic de-
tails. Experimental results are shown in Section 5.

Figure 1. The gamuts of LUV (Left) and LAB (Right) color spaces
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Figure 2. Performance of TSVQ and full-search (LBG) VQ in LUV and RGB spaces (“stained_glass” image)

V. Experimental Results

Vector Quantizer Design
We compare the performance of vector quantizers de-

signed in the RGB and CIELUV spaces. Note that spaces
such as YUV and XYZ are obtained though linear transfor-
mation from the RGB space,  they will have similar results
to that of the RGB space. The distance measures used in
codebook training and nearest color assignment is the Eu-
clidean distances defined in their respective color space.
We use the MSE measure used to evaluate the performanc-
es by calculating the average Euclidean distance between
the original colors and  quantized colors in the LUV space
to conform with the human perception of color difference.
For the training process, we use 20 training images with
medium to high color saturation. The purpose of the satu-
ration choice is to cover the whole color gamut in our color
image database. Each image is of size 192 × 128 with 24
bits of RGB color. A special VQ initialization algorithm4 is
used in LBG VQ and TSVQ design since it has the property
that the code vectors tend to separate from each other as

much as possible. Two codebooks are trained, one in RGB
space, and the other in LUV space.

In the test cases, we includes some images included in
the training set and some outside the training set are tested.
The quantizer performance in terms of MSE with respect to
one image in the training set (“stained_glass”) and one out-
side the training set (“horse”) are plotted in Figure 2 and 3.
We see from these two figures that the LUV quantizer  out-
performs the RGB quantizer by about 20%-40%. As for the
visual performance, the LUV quantizer has higher fidelity
in preserving the original color. However, it also have more
severe pseudo-boundary effect when the number of color is
very small. The reason is that the mapping in VQ tries to
assign the closest color from the color palette to the specific
pixel. Since the LUV quantizer reproduces the actual color
more faithfully in the perceptual sense, the gradual color
change of a surface will result in a pseudo boundary on that
surface. However, since the RGB quantizer did not strictly
minimize the color difference perceptually, it acts more
like a dithering techniques8 can make the LUV quantized
results be comparably pleasant as that of the RGB quantiz-
er, while still having the advantage of color fidelity.
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Figure 3. Performance of TSVQ and LBG VQ in LUV and RGB spaces (“horse” image)

Figure 4 and 5 show the performances of several
different vector quantizers for these two images. From
Figure 1, we see that it is impossible to partition the LUV
space with orthogonal axes into cubes. Therefore, we only
compare their performances in the RGB color space. For the
statistic distribution used in PVQ design, the same 20-
image database is used. We see that the LBG (full-search)
VQ is the best among all as predicted, and TSVQ has a
pretty good performance when compared to uniform and
Product VQ, where the latter two have about the same
performance. From Figure 2 to Figure 5, we see that
whether the test image is in the training set or not, the
performances of the vector quantizers are about the same.
Therefore, a “universal” codebook for color quantization is
feasible in practice, which will reduce the computational
complexity of training.

Image Retrieval
We compare the retrieval efficiencies for four color

quantization schemes: uniform quantization in RGB, prod-
uct VQ in RGB, Tree-structured VQ in RGB,   and Tree-
structure VQ in LUV. “sunsets” and “stained_glasses”
were used as query images. There are 8 “sunsets” images
and 5 “stained_glasses” in our experimental database
which consists of 2119 images in total. The contents of the
image database include natural scenes, people, animals,
plants and architectures.

The retrieval result for a query was a list of images,
ranked by their similarities to the query image. The ideal
result would be that all “sunsets” were ranked at the top 8
positions, and all “stained_glasses” images  ranked at the
top 5 positions, for the respective queries. To evaluate the
retrieval performance, we list the number of  “sunsets” im-
ages ranked at the first 8 positions and the number of
“stained_glass” images in the first 5 positions of the re-
trieval list.  They are shown in Table 1 to Table 4.
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Figure 4. Performance comparison between various vector quantizers in the RGB space (“stained_glass” image)

Figure 5. Performance comparison between various vector quantizers in the RGB space (“horse” image)
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Cartoon rendering
We have rendered many cartoon images ranging from

simple Mickey Mouse head to textured grasslands. We
choose RGB, LUV and LAB color spaces and perform
TSVQ with three different initialization, i.e. Monte-Carlo,
maximum distance and splitting. These images are render-
ing with 16 to 256 different colors. According to our exper-

imental result, TSVQ on LUV color space with the
maximum distance initialization gives best performance in
term of both MSE and visual measurement. In general, 16
colors are sufficient for the recognition purpose. One can
easily understand every objects in the scene. Strokes within
a region are distinctive and have the same cosmetic effect.
If the image is rendered by 256 colors, one can barely tell
the color difference, the color looks close to the original
color and the changing of colors within a region is smooth.
Overall, we think the TSVQ is a simple yet very powerful
rendering technique.

Conclusion

We have investigated the color quantization schemes in
different color spaces, and their effects on the performance
when applied to color image retrieval and cartoon render-
ing. For image retrieval, the retrieval rate is higher when
the granulate of the quantization gets smaller. To reduce
the computational complexity, lower resolution features
can be used first to exclude irrelevant images. Retrieval us-
ing TSVQ in the LUV space performs almost the same as
that of in the RGB space, although the quantization error of
individual image in LUV space is smaller. This is because
retrieval by global histograms is not so sensitive to the
scale linearity of color. Experimental results also show that
although product VQ is much less complex than TSVQ, it
results in a satisfying retrieval performance in the RGB
space. For cartoon rendering, we use TSVQ to perform a
simple but efficient coding scheme which keeps both visual
and entertainment elements of the image. From the design
and experiments of these hierarchical color quantizers, we
see that they offer good performances with low computa-
tional complexity and are very useful for many image pro-
cessing applications.
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Table 1. Retrieval Results of Uniform Quantization in the 
RGB Space

Uniform 
Quantizer

sunsets stained glass

(2,2,2) 2 1

(3,3,3) 4 1

(4,4,4) 3 4

(5,5,5) 3 4

(6,6,6) 4 4

(7,7,7) 4 5

Table 2. Retrieval Results of Product VQ in the RGB Space

Product VQ sunsets stainedglass

(2,2,2) 2 1

(3,3,3) 3 3

(4,4,4) 3 4

(5,5,5) 4 4

(6,6,6) 3 4

(7,7,7) 4 5

Table 3. Retrieval Results of Tree-structured 
VQ in the RGB Space

TSVQ sunsets stained
glass

8 bins 1 3

16 bins 2 3

32 bins 3 5

64 bins 3 5

128 bins 3 5

256 bins 3 5

Table 4. Retrieval Eesults of Rree-structured VQ in 
the LUV Space

TSVQ sunsets stained_glass

8 bins 2 3

16 bins 3 3

32 bins 5 4

64 bins 4 5

128 bins 4 5

256 bins 5 5


