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Abstract

Color quantization is an important part of image processing, image for-
mation, and related research. This paper presents a novel color image
quantization algorithm which addresses the question of how to incorpo-
rate principles of human perception of color variation into the process
of quantization. The color variation measure, calculated first in CIE Lab
color space, is used to evaluate color variation and to coarsely segment
the image. Considering both color variation and homogeneity of the im-
age, the number of colors that should be used for each segmented region
can be determined. Finally, the CF-tree algorithm is applied to classify
pixels into their corresponding palette colors. The quantized error of the
proposed algorithm is small because it considers color variation and be-
cause it is based on a model of human visual perception. Experimental
results suggest that the proposed algorithm is more effective in quantiz-
ing color images than a wide variety of previously proposed algorithms.

Keywords: color variation measure, color quantization, CIE color space,
CF-Tree, human visual perception

1 Introduction

Color has long been recognized as critical in image and scene analysis.
Research in color imaging has focused on a wide variety of topics, including
color image formation, color quantization, human visual perception, image
segmentation, color-based object recognition, and image database retrieval.



As a fundamental technique that is used widely in color image processing,
color quantization plays an important role in many aspects mentioned above.
In general, color image quantization can be divided into the following four
phases [7]:

1. Sampling the original image for color statistics.
2. Choosing a color map based on color statistics.
3. Mapping original colors to their nearest neighbors in the color map.
4. Quantizing and representing the original image.

Because of the dependencies inherent between these four steps, the actions
taken in Steps 1 and 2 can significantly impact the quality of the final re-
sults. This underscores the importance of selecting entries for the color map
or palette that will be used to represent the entire image.

A good color quantization technique should consider several factors, in-
cluding the complexity of the algorithm, the distortion in the resulting im-
ages, and the characteristics of the human visual system (HVS). To the best of
our knowledge, no quantization approach described in the literature chooses
the number of colors in the palette on the basis of a human visual perception
model, or color variation in different image regions. In many techniques cur-
rently in use, a single palette is used for the whole image. However, a single
image-wide palette cannot discriminate between different attributes in different
regions of the image, even if those regions have color variations which affect
the sensitivity of human visual perception.

One of the important HVS properties is that different colors and variations
in their spatial patterns can influence the sensitivity of humans to color [11]
[15]. To illustrate this principle, Fig. 1 shows images composed of the same
set of colors, but with variations in the spatial patterns of those colors. It can
be observed that increasing variations in the color spatial patterns — from left
to right in Fig. 1) — cause a corresponding decrease in perceived sensitivity to
color in the HVS. This suggests that more colors should be used to discriminate
between color nuances in a homogeneous region, and fewer colors in regions
with high levels of diversity.

The goal of palette design is to select a small number of representative
colors from a high-resolution color image to form a color set. Using this color
set or palette, the high-resolution color image can be represented by replacing
the original colors with a smaller set of color elements chosen from the palette.
The literature includes a variety of color quantization algorithms that have been
proposed, including a median-cut algorithm [7], a popularity algorithm [7], a



Figure 1. Test patterns of color visual perception sensitivity to spatial color pattern
variation

variance-based algorithm [13], an octree algorithm [5], a center-cut algorithm
[9], and a diversity algorithm [6]. Furthermore, a variety of clustering-based
algorithms have been described, such as K-means, self-organizing maps [2],
an adaptive clustering algorithm [8], and the peer group filtering method [3].
These algorithms are described in the following paragraphs.

In the median-cut algorithm [7],the colors of the original image are divided
into K boxes in the color space. Each box contains an equivalent number
of pixels of the original image. The average color value of each box is then
used as one of the K entries in the color palette. Colors with many pixels
can be included within one box, but colors with few occurrences cannot be
represented as accurately. The popularity algorithm [7] generates a color map
filled with the most common colors in the image. From a histogram of pixel
values, the K most frequently occurring colors are selected to fill the palette
and to represent all colors in the image.

The variance-based algorithm [13] is similar to the median-cut algorithm.
The difference lies in the iterative method of selecting each new entry for the
color map; at each step, the cell or box with the largest weighted variance
in terms of color distribution is chosen to be the next partitioned. The cut-
ting plane for the partition is chosen to be perpendicular to the coordinate axis
where the expected variance is most reduced. At the conclusion of this process,
quantization errors in the resulting cells are nearly the same. The octree algo-
rithm [5] subdivides the pixels from an image into a hierarchical structure of
octants where placement is determined by RGB value. The closer two colors
are to each other, the more likely they will be found in the same branch of the
octree data structure. Once the octree is constructed, the K leaf nodes serve as
entries in the color map. The center-cut algorithm repeatedly splits the color
set whose bounding box has the longest side until K sets are generated. The
centers of the K sets are used as palette colors.

The diversity algorithm [6] quantizes the image using template color maps
registered for sample document images. Images from batches to be classified



are mapped onto the closest template color map using a fuzzy color classifica-
tion algorithm. The self-organizing map (SOM) algorithm [2] uses a Kohonen
neural network to adjust a quality factor to produce reduced colors of the im-
age. The network maps an input (R, G, B) to the index i, corresponding to a
specific color map entry, which minimizes the error of quantization mapping.
Clustering-based algorithms usually use minimal distance as the metric for
clustering. The approach in [8] calculates a 3D-histogram which is fed into
an adaptive clustering algorithm to extract palette colors from the image. A
pixel-mapping algorithm then classifies each pixel by its corresponding palette
color.

A few new quantization algorithms and extensions have been proposed in
recent years. Zhao [16] proposed an improvement of the K-means algorithm.
Atsalakis divided an image into small windows and quantized the major colors
of these windows [1]. In [14], an algorithm integrated with Gamma correc-
tion was proposed and proved to be efficient to improve the visual effect of
quantized images.

Color quantization is considered as a prerequisite for many color image
segmentation algorithms [4]. Zouagui [17] proposed a new function model-
based framework for image segmentation. This function model consists of five
elementary blocks: measure, criterion, control, modification, and stop. Using
the attributes from each segmented region, the segmented image is iteratively
modified by the segmentation results from previous iterations.

In this paper, we propose a new color image quantization algorithm based
on a measure of color variation. Based on principles presented in [11] and
[15], the proposed algorithm considers the relationship between the segmented
regions and their palette sizes so that regions which need more colors will be
quantized into a greater number of color levels.

2 Color Variation Measure

2.1 Color Space Transformation

Color is perceived by humans as combinations of tristimuli R (Red), G
(Green) and B (Blue), or three primary colors. It is important to choose a good
color space for the quantization of color images, since distance measures in
color space are most effective when they conform to human visual perception.
We note that the CIE color space was developed to represent perceptual unifor-
mity. Furthermore, in CIE color space, color difference can be meaningfully
calculated as the Euclidean distance between two color points.
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In the CIE approach, colors are represented by combinations of three pri-
maries: X, Y and Z. Values of these primaries can be computed from RGB
tristimulus coordinates using the linear transformation shown in Equation (1).

X R
Y]: [G] (1)
Z B

The CIE color space, in turn represents colors using parameters L, a, and
b, corresponding to the brightness of the color, its position between magenta
and green, and its position between yellow and blue, respectively. Equations
(2)-(4) show how the values of L, a, and b can be computed from the values of
X, Y, and Z obtained using Equation (1). In the equations, Xy, Yy, and Z; are
the CIE XYZ tristimulus values of the reference white point.
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2.2 Color Variation Measure Image

0.607 0.174 0.200
0.299 0.587 0.114
0.000 0.066 1.116

Color Variation Measure (CVM) is computed in both horizontal and verti-
cal directions. In [12], directional operators were used to detect the edges of
color images. Our approach adopts the directional operators to describe the
color content variation within an image rather than to detect edges. The CVM
for each pixel is composed of two positive and two negative components in
each direction. The complete operation is described below, assuming a win-
dow sise of (2s+1)x(2s5+1).

The RGB image is first transformed into CIE Lab color space according to
Equations (1)-(4). For an image, the magnitude is normalized as:

| Ay HYf RS
AH = 0 , AV = 0
Hy  Hj Vi Vg

These positive and negative components are defined, in turn, as follows:



1 y0+1 xp+1

Hy = s(s+ 1) Z Z ey

Y=Y0—$ X=X0—§

1 y()+1 Xo+s

H=G+ PIEPIRCNY

Y=yo—s x=xp—1
1 yo+s xo+1

H, = s(s+l)yz Z &%)

=yo—1 Xx=x0—$

1 Yo+s Xo+s
— _
27 W5+ 1) 2 2, )
y=yo—1 x=xo—1

Vi, Vi, V5, and VS can be calculated in a manner similar to Hy, Hf, H;,
and H; , respectively. In the formulas, ¢(x, y) denotes the color value (L, a, b)
at pixel (x, y).

In order to get the color variation in the horizontal and vertical directions,
we calculate the four vectors below.

AH\(xo,y0) = H{(x0,y0) — Hy (x0,Y0)
AH>(xo,y0) = H; (x0,y0) — H; (x0,Y0)
AVi(x0,50) = V{(x0,y0) — Vi (x0,¥0)
AVa(xo,50) = V5 (x0,¥0) — V5 (x0,¥0)

The scalars ”AFI[(XO, yo)“a ”AI:IZ(xm yo) 5 AV[(XO, }70)“, and ”AV2(x0, yO)H
are measures of color variation in the horizontal and vertical directions. In
terms of these scalars, we define the color variation at pixel (xg, yo) as follows:

M(xo,y0) =

VA ool + [AEGo, 0| + [|A7: o o) + [|AT200 30| (5)

We use M(x,,yo) as the color variation measure (CVM) to depict the varia-
tions in interior colors of an image. Fig. 2 shows the CVM values of the flower
garden image represented in 256-level gray scale. Fig. 2(b) and 2(c) are the
CVM images using a 3x3 and 5x5 window, respectively. In the images, areas
with the greatest variation appear with the lowest grayscale intensity.



Figure 2. CVM image of the “Flower Garden” image. (a) Original image. (b) CVM

(b)

(©)

image using a 3x3 window. (c) CVM image using a 5x5 window.

3 Algorithm

3.1 Framework

We propose a new color image quantization algorithm based on the Color
Variation Measure. Fig. 3 shows a flow chart describing essential stepts in the
algorithm. The CVM image block is the core of the algorithm. Not only is
CVM a prerequisite of segmentation, but it also guides the quantization of dif-
ferent regions based on color variation. Details of the algorithm are discussed

in the following sections.
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Figure 3. Color image quantization algorithm.




3.2 Coarse Segmentation

One goal of our algorithm is to use principles of human visual perception to
color variation to guide the quantization of color images. To achieve this goal,
we adopt a region-growing and merging-based algorithm to coarsely segment
the image. For region growing and merging, it is necessary to specify seeds as
the starting points of regions, and the seed choices directly influence the final
outcome of segmentation. If the chosen seeds do not typify the attributes of the
surrounding regions, the regions produced by segmentation will not be correct
and the segmentation process will be prolonged.

In our approach, we use the CVM image to quantize values of all pixels to
gray levels between 0 and 255. According to the quantized CVM values, we
can use the method in [10] to obtain a threshold 7', or it can be specified by the
user. If the CVM value of a pixel is less than 7', it is specified to be a seed point,
which can be merged with neighboring pixels to form a candidate seed area. If
the number of pixels in candidate seed area exceeds the corresponding number
in Table 1, it will be used as a seed area in the region growing algorithm.

Table 1. Minimum pixels to form seed area for image size

Image Size (min(width,height)) | Min Seed (pixels)
<128 64
<256 256
<512 1024

After the identification of seed areas, all pixels are grouped into two cat-
egories: seed area pixels and non-seed area pixels. The non-seed area pixels
must be merged into their corresponding segmented regions. The strategy to
achieve this is as follows:

1. If a non-seed area is adjacent to only one seed area, it is merged into that
seed area. This removes non-seed areas that are surrounded by a single
seed area.

2. If a non-seed area is adjacent to more than one seed area, it will be
merged into the seed area that has the shortest distance in CIE Lab color
space.

3. In each iteration, the mean color of every seed area is recomputed until
there is no non-seed area.

Areas with fewer than 50 pixels will be merged into adjacent areas that



are larger in size. The segmentation results of the CVM images (Fig. 2(b) and
2(c)) are shown in Figs. 4(a) and 4(b), respectively.

(b)
Figure 4. Segmentation results for the “Flower Garden” image. (a) CVM image using
a 3x3 window. (b) CVM image using a 5x5 window.

3.3 CVM-based Color Quantization

After coarse segmentation, each pixel can be assigned a class label, form-
ing a class map. In the class map, pixels are grouped into different regions
with corresponding labels. Because each segmented region is not necessarily
homogenous, the degree of internal color variation can differ widely between
regions. Therefore, calculating the statistics of pixel CVM distributions of dif-
ferent regions can assist in judging whether the number of quantization levels
is valid. If one segmented region has little color variation, it should be assigned
more quantization levels. Because the sensitivity of human visual perception
increases as color variation decreases, the use of more color quantization levels
will result in more accurate color representation to a human observer. For re-
gions with high levels of color variation, fewer color levels should be assigned.

In each segmented region, CVM values of all pixels are used to calculate
the region’s homogeneity. Assuming that the image has been segmented into
m regions, we define A, the degree of homogeneity for region k, denoted Ry,

as follows:
A = Z Epi.j)
PU.J)ERy

where p(i, j) is the pixel at image coordinates (i, j) and ¢ is given by

Eplij) = Z |Mpiijy = Mpey| -
PXY)ER,
x=ixl,y=j+l
In the equation, M refers to the CVM measure defined by Equation (5).
In general, the smaller the value of A, the more homogenous the region,
and the more colors should be assigned. In order to maintain the integrity of



the color perception of the whole image, we need to consider both the degree
of color variation degree and the degree of homogeneity simultaneously. First,
we use the K-means algorithm on the whole image to get an initial number of
colors for every segmented region N1, Nk2, ..., Nkn. Second, we use CVM
to adjust the number of colors for each segmented region.

A
N¢i = (int)|1 - N
l 27:1 4
To obtain the final number of colors for each region of the resulting image
while maintaining the integrity of color perception of the whole image, three
cases must be considered.

1. If Nk; > Ncj, color variation and complexity in region R; is above av-
erage for the image, and fewer colors should be used. The assigned
number of colors is given by:

Nki — Nci

Ni:NCi"'T, i=1,2,...,m

2. If Nk; < N, color variation and complexity in region R; is below av-
erage for the image, and more colors should be used. The number of
colors to be used is given by:

Nci — Nki

N,'=NK,'+T, i=1,2,....m

3. If Nk; = N¢;, the number of colors need not be increased or decreased:

N; = Nk; = N¢;

Once it has been determined how many colors are to be used in each region,
we use the CF-tree method [14] to quantize each segmented region according
to its number of colors.

4 Experimental Results

To evaluate the performance of the proposed CVM-based color quantiza-
tion algorithm, we use five 24-bit 256x256 images for experiments. These
images are: “Flower Garden”, “Baboon”, “Lena”, “Peppers”, and “Parrots”,
as shown in Fig. 5.
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Figure 5. Images for experiments. (a) Flower Garden; (b) Baboon; (c) Lena; (d)
Peppers; and (e) Parrots.

To compare the difference between the original image and the quantized
image, we use mean squared error (MSE), defined as follows:

M N

1
— d(cli, jl, q(dli, j1))* (6)

MN i=1 j=1

MSE =

In Equation (6), c[i, j] are original pixels, g(c[i, j]) are quantized pixels,
MN is the total number of pixels in the image, and d(x, y) is the Euclidean dis-
tance between color x and color y. Smaller values of MSE mean better image
representation after color quantization. The five tested images were quantized
into 128, 64, 32 and 16 colors for comparison. Algorithms implemented for
comparison included median-cut [7], popularity [7], K-means, variance-based
[13], diversity [6], SOM [2], and octree [8]. As representative examples, Figs.
6, 7, and 8 show the quantization results of the “Flower Garden” using 128
colors, “Baboon” using 64 colors, and “Parrots” using 32 colors, respectively.

As can be seen in Fig. 6, the CVM-based method quantizes the homoge-
neous blue sky region using more colors than the flower and garden regions
that have greater variations in color. From the images in Figs. 7 and 8, it can
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be noted that the proposed CVM-based method can discriminate detailed color
information in homogeneous regions to achieve good quantization results that
are close to human color perception.

(€9) (h) o)
Figure 6. “Flower Garden” images of 128 colors: (a) Original image; (b) The pro-
posed CVM-based method; (c) Median cut; (d) Popularity; (¢) K-means; (f) Variance-
based method; (g) Diversity; (h) SOM; (i) Octree.

Table 2 shows the performance measured by MSE over all tested images.
MSE values of all five test images of 128, 64, 32 and 16 colors are listed. The
last row of Table 2 shows the average percentage advantage of the proposed
CVW-base method measured by MSE. The proposed CVM-based algorithm is
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Figure 7. “Baboon™ images of 64 colors: (a) Original image; (b) The proposed
CVM-based method; (c) Median cut; (d) Popularity; (e) K-means; (f) Variance-based
method; (g) Diversity; (h) SOM; (i) Octree.

slightly better than Median-cut (2.9%) and K-means (4.2%) and significantly
better than the rest of the methods, ranging from 13.6% better than SOM to
47.7% better than the diversity method.
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Figure 8. ‘Parrots” images of 32 colors: (a) Original image; (b) The proposed
CVM-based method; (c) Median cut; (d) Popularity; (e) K-means; (f) Variance-based
method; (g) Diversity; (h) SOM; (i) Octree.

5 Conclusion

We propose a quantization algorithm for color images which considers the
sensitivity of human visual perception to color variation. The algorithm first
transforms the image from RGB color space into CIE Lab color space and
then calculates horizontal and vertical color variation measure (CVM) values.
Secondly, region growing and merging algorithms are used to coarsely seg-
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Table 2. Comparative performance in terms of MSE values on 24-bit color images

Image | No. |CVM-|Median| K- |SOM |Popu-| Var.- | Octree | Diver-
Colors | based | cut |means larity | based sity

16 93.9 | 96.6 |100.8 |104.3|125.0|111.3| 133.5 | 157.0
Flower | 32 76.1 | 823 | 77.2 | 85.0 | 101.1| 96.5 | 106.0 | 140.0
Garden | 64 573 | 63.7 | 56.6 | 62.5 | 80.9 | 75.2 | 95.5 | 108.4
128 | 384 | 39.5 | 40.7 | 423 | 63.7 | 57.1 | 622 | 76.6

16 | 119.8 | 122.9 | 125.0 |130.2|136.5[129.9| 129.0 | 148.2
Baboon| 32 81.0 | 76.1 | 77.2 | 85.0 | 101.1| 96.5 | 106.0 | 140.0
64 763 | 73.8 | 72.7 | 80.2 | 93.8 | 92.3 | 106.8 | 122.3
128 | 46.6 | 482 | 51.3 | 57.1 | 68.8 | 74.0 | 79.0 | 84.4

16 | 529 | 67.6 | 72.2 | 79.8 | 49.8 | 87.1 | 130.4 | 125.5
Lena 32 | 40.6 | 46.0 | 43.8 | 51.0 | 43.3 | 67.2 | 943 | 110.2
64 31.7 | 264 | 283 | 56.1 | 35.1 | 469 | 56.1 | 87.1
128 | 17.2 | 152 | 148 | 21.9 | 189 | 339 | 38.6 | 469

16 98.6 | 103.9 |106.8 [106.1|138.0|111.2| 131.0 | 144.3
Peppers| 32 833 | 922 | 81.7 | 83.6 |100.5| 91.6 | 136.5 | 131.5
64 55.0 | 579 | 58.8 {609 | 63.9 | 71.9 | 101.1 | 110.6
128 | 379 | 36.1 | 40.2 | 35.6 | 37.2 | 53.7 | 82.4 | 719

16 90.3 | 87.2 |100.3 [101.9| 93.6 |118.5| 118.1 | 159.5
Parrots | 32 | 492 | 533 | 746 | 74.1 | 50.6 | 89.9 | 114.3 | 137.0
64 | 46.2 | 48.2 | 50.3 | 54.8 | 49.9 | 66.6 | 85.3 | 105.3
128 | 359 | 429 | 333 | 393|442 | 48.7 | 62.2 | 72.1

[Ave% | - [ - | 29 | 42 [13.6 ] 155 ] 26.6 | 392 | 47.7 |

ment the CVM image to obtain the class label for each pixel and determine
the number of colors in each region. Third, a K-means approach is used to
adjust the number of colors to be used in each region. Adjustments at this step
maintain the integrity of the color balance of the whole image. Finally, the CF-
tree method is adopted to quantize each region using the calculated number of
colors.

In quantizing color images, a single image-wide palette can not always per-
form well for both homogeneous and inhomogeneous regions, because human
visual perception of these regions is different. The proposed algorithm mimics
human visual perception and adjusts the color palette in a region-specific man-
ner based on local variations in color. Our experimental results demonstrate
that the proposed CVM-based algorithm is superior to other previously pro-
posed quantization algorithms. In future work, we will explore the use of this
novel color quantization method for other image processing problems such as
color image segmentation, content-based image retrieval, and image compres-
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sion.
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