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ABSTRACT: This paper proposes a new method for reducing the
number of colors in an image. The proposed approach uses both the
image color components and local image characteristics to feed a
Kohonen self-organized feature map (SOFM) neural network. After
training, the neurons of the output competition layer define the proper
color classes. The final image has the dominant image colors and its
texture approaches the image local characteristics used. To speed up
the entire algorithm and reduce memory requirements, a fractal scan-

ages. In most cases, it is easier to process and understand an image
with a limited number of colors. However, the main reason for using
color reduction is to cut down the image storage requirements. In
gray-level images, the most often used reduction techniques are the
multithresholding approaches. These techniques can be classified
into three categories. Methods based on edge matching and classi-
fication belong in the first category (Sahoo et al., 1988; Wang and

ning subsampling technique can be used. The method is applicable to
all types of color images and can be easily extended to accommodate
any type of spatial characteristics. Several experimental and compar-
ative results are presented. © 1999 John Wiley & Sons, Inc. Int J Imaging
Syst Technol, 10, 404-409, 1999

Haralick, 1984; Hertz and Schafer, 1988). The histogram-based
multithreshold techniques belong in the second category (Reddi et
al., 1984; Kapur et al., 1985; Papamarkos and Gatos, 1994; Otsu,
1979). These techniques are based on different criteria such as the
minimum entropy, the interclass variance between dark and bright
regions, and changes of zero crossing or curve fitting. Finally, the
third category includes all the other techniques, which usually are
. INTRODUCTION characterized as hybrid. It should be noted that none of the mul-
Color is one of the most important properties for object discrimina-tithresholding techniques take into account the local texture charac-
tion. Itis an object component that adds a new dimension to machinteristics of an image.

vision. Limitations of possible applications of color machine vision = The aforementioned techniques cannot be easily extended to
have been associated with the high cost and low processing capaecommodate color images. Extension of these techniques to mul-
bility of added information. On the other hand, color is a very tispectral images and in particular to color images is not a trivial
significant characteristic that cannot be ignored in many machingask. The main reasons are the increasing complexity and the struc-
vision applications. Its use in image segmentation and recognitiofyre of the natural color scenes. The most often used methods for
systems can hardly be overestimated. Various color-based imagg|or reduction are based on nearest color merging or color error
segmentation techniques have been proposed. Ohta et al. (198@}fusion. In the nearest color methods, each pixel in the image

applied the Karnhunen Loeve transform to color images to derivgnhanges its color to the color in a palette that is the closest match to

color features with large discrimination power. Connah and Fishome typical neighboring pixels. A color palette is a fixed color table

bourne (1981) reporte_d an a!gorithm based on the histogram analyq'ﬁat has a limited number of colors. There are two approaches to
of color gray-level distribution. Huntsberger and Delxazi (1985)f?rm the colors in the color table. We can use a fixed palette of

reported a color edge detector that uses fuzzy set theory. Barth et al,
. = colors that someone has already produced or we can analyze the
(1986) presented a microcomputer color-based vision system to

inspect integrated circuits. Tominaga (1990) described a color cla Image and derive the “best” colors (known as an adaptive palette).

sification method based on the Lab uniform color space. Represeilr-he adaptive technique consists of first analyzing the image and

tative colors are classified according to a color distance criterion.se_le_c'“ng the best colors to represent it and second, mapping the
Jordan and Bovik (1988) used chromatic information to solve stere§"19inal color dots to the closest of the new colors. However, the
vision problems. Valchos and Constantinides (1993) proposed afioice of “the best” colors is not a trivial task. Most adaptive
algorithm, based on color and graph theory, most suitable for apalgonthms determine how many dots of each color are in an image
plications such as broadcasting and pictorial information retrieval@nd select colors that are close to the most frequently used colors.
Schettini (1994) presented a color image segmentation techniquhe error diffusion techniques are dithering approaches. The “error”
based on recursive one-dimensional (1-D) histogram analysis. Thiefers to the cumulative difference between the actual values of
resulting regions are merged based on a criterion taking into accourdixels in the image and their “true” values, if they were all set to
color similarity and spatial proximity. their correct colors. These techniques are suitable for elimination of

Reduction of the image colors is an important factor for theless frequently appearing colors in an image but are ineffective for
segmentation, compression, presentation, and transmission of inmhage analysis and segmentation.
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This paper proposes a new color reduction method that exploits
the colors of the pixels as well as the local spatial image character/i=#(i,j) ——»{
istics. The color reduction process does not use a color palette. The
final colors are automatically selected by a neural network-based 2
color clustering approach. The color of each pixel is related to the/2=8() ——»{
colors and the texture of neighboring pixels. The new technique can
be considered as a feature clustering approach. Specifically, ch:b(i')
RGB components of each pixel are considered to be the first thre! o
features. The entire feature set is completed by additional features
that are extracted from neighboring pixels. These features can be §7
associated with spatial image characteristics, such as entropy, con-
trast, and mean values. The feature set feeds a Kohonen self-
organized feature map (SOFM), which is an unsupervised neural
network (Kohonen, 1997; Haykin, 1994; Strouthopoulos and Pa-
pamarkos, 1998). The SOFM is competitively trained, according to
Kohonen'’s learning algorithm. After training, the output neurons of
the SOFM define the proper feature classes. Next, each pixel is Jis
classified into one of these classes and obtains the color of the class.
Thus, the original image is converted into a new one with a limited Figure 1. The SOFM neural network.
number of colors and spatial characteristics close to those defined by
the features used. Compared with other neural networks, and espe-
ciqlly with .superv.ising learning, competitive. learning is highly colors of the neighboring pixels and the local texture of the image.
suited to discovering a feature set and creating new classes autp-

matically (Haykin, 1994). The SOFM has the ability to discover _Borthese reasons, the color of pixeff can be associated with local

significant features in the input data without a teacher. In addition'™29¢ characteristics extracted from the neighboring reti¢n ).

it is preferable to use a self-organizing process instead of a supeP—S.mg the colt())r \éalﬁesddﬂ ('(’jj)hfk’ k=12, dK I(;)cal gharac- ial
vising process to solve a particular problem. teristics can be defined, and these are considered as image spatia

Due to the use of local image characteristics, the proposefatures. Through this, each pixeljj can be related with its (i, j),
technique is especially suitable for segmentation and compressid¥i 1), (B(i, })) components and with th¢ additional featureg,. No
and representation of color images. In order to reduce both thEestrictions are implied for the type of features. However, the fea-
storage requirement and computation time, the training set can betdres must represent simple spatial characteristics, such as contrast,
representative sample of the image pixels. In our approach, thgedian RGB values, and entropy of the neighboring masks. Such
subsampling is performed via a fractal scanning technique based dgatures can be associated with linear or nonlinear operators and can
the Hilbert's space filling curve (Sagan, 1994). be easily extracted by the application of local masks.

The proposed method was tested using a variety of images. In According to the above analysis, the color reduction problem is
addition, this paper presents characteristic examples with variousow to best transform the original color image to a new one, with
image local characteristics. The experimental and comparative resnly J colors and with, approximately, the same local characteristics.

1oke] uonadwos |

sults confirm the effectiveness of the proposed method. An effective approach is to view it as a clustering problem and solve
it by using a suitable SOFM neural network. It is well known that the
Il. DESCRIPTION OF THE METHOD main goal of an SOFM neural network is the representation of a

A color image can be considered as a sehof m pixels, where large set of input vectors with a smaller set of “prototype” vectors,
each pixel is a point in the RGB color space. RGB space is a 3-30 that a “good” approximation of the original input space can be
vector space and each pixe| ) is defined by an ordered triple of obtained. In other words, an SOFM neural network decreases the
red, green, and blue coordinatesj,(j), g, j), (b(i, j)). Therefore, input feature space into a proper smaller one. The resultant feature
a general image function can be defined by the relation: space is a representative of the original feature space and, therefore,
it satisfies the main statistical characteristics of the input space.
r(i,j), if k=1,
1G,j, k) =196, ]), if k=2, @ A. The SOFM Neural Netwprk. The structure of the Kohonen
b(,j), if k=3 SOFM neural network used is depicted in Figure 1. It Kas- 3
input andJ output neurons arranged in a 1-D grid. The first three
dhput neurons are fed with the values of the RGB components of

Each primary color component (red, green, or blue) represents o
pixel (i, j). The rest of thé&k neurons correspond to the local features

intensity that varies linearly from zero to a maximum valGenax

Color allocation is defined over a domain consisting of a cubefic K= 1.2, ... K and are fed with their values. Each neuron in the
in RGB space, with opposite vertices at (0, 0, 0) afd_max, competition layer represents one class, which is associated not only
Cg_max, Cb_max Consider the case oEr_max = Cg_max= with the RGB values, but also with the spatial features used. Ad-
Cb_max= 255, justing the number of the output neurons, the number of colors in the
Let alsoN (i, j) denote the neighboring region of pixeJ ). In final image can be defined. The outguteurons are related to input
most cases, it can be assumed that pikg) Pelongs toN (i, j). In neurons viathey,;,i = 1,... ,K+ 3andj = 1, ...,J coefficients.

this approachi\ (i, j) is the 3X 3 mask that has as its center the pixel ~ The SOFM is competitively trained according to the following
(i, J). In most cases, the color of each pixel is associated with theveight update function
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Figure 2. Generation of the Hilbert curve.
[ 30w, i fe—i[=d, Sl
i 0, otherwise
) ) Figure 3. Image subsampling using fractal scanning.
i=1,...,K+3andj=1,...,3 (2

wherey, are the input valuesa the learning parameted the ~ C. Image Subsampling. The proposed technique can be applied

neighboring parameter (a typical initial value is less than 0.25), ando the color images without any subsampling. However, in the case
c the winner neuron. The values of parametendd are reduced Of large color images, and in order to achieve reduction in compu-
to zero during the learning process. This learning algorithm has beef@tion time and memory size requirements, it is preferable to have a

referred to as Kohonen's learning. subsampling version of the original image. The subsampling process
After training, the optimal RGB values obtained by the neuralshould not alter the original image colors, but simply produce a
network are equal to smaller version of the image without significant changes in the

image texture characteristics. For the subsampling image to be a
better representation (to capture better the image texture) of the

r) = W J - 1 T j original, a fractal scanning process based on the well-known Hil-
g(J_) TWo T bert’s space filling curve was used. To generate the Hilbert curve,
b(j) =wg, j=1,..., ©)

Next, the original image is rescanned. Using the neural network, the
new image is constructed with only colors in such a way that
approximates the spatial characteristics of the original image accord" =¥
ing to the spatial features used. However, if the spatial characteris§
tics are not used, the neural network can be fed and trained using
only the RGB colors. Obviously, this procedure results in a reduced
set of RGB colors that are optimally (according to Kohonen's
learning rule) close to the color distribution of the original image.

B. Color Conversion. As an optional postprocessing stage, the ;
RGB colors obtained by using spatial features can be converted tc
the RGB colors derived when only the RGB components are used
(Papamarkos et al., in press). Ugtandl, be the images obtained
by using and not using spatial features, respectively. The color
conversion can be easily implemented by checking the colors of the_ #
pixels inl, andl, that have the same coordinates. Specifically, let -

(a) (b)

CL = (" 9w by), m=1,...,J the set of RGB colors ith,.

C2 = (hy O by), m=1,...,J: the set of RGB colors ith,.

S, m=1,...J the set of pixels, that have the same colGZ,

Sk, m = 1,...,J the set of pixelsl, that have the same
coordinates with the pixels of the s&, in I.

P.w (M = 1, ...,J: the percentage of pixelg that belong to
the setS}, and have coloC}.

(c) (d)

Starting from the pixels having the maximum percentage, convert its

colorCjto the corresponding col@?, This optional stage p'rovides Figure 4 (a) The original image. (b) The transformed image with six
an aesthetically better image, especially when there is a smalolors using spatial features. (c) The transformed image without using
number of final colors (small value gj. spatial features. (d) The final image after color conversion.
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Table I. Thew, ;,i =1,...,6and =1, ..., 6 coefficients.

Neuron fo=r f, =g f=»>b fa fs fs
1 183 45 35 5.973 5.328 4.827
2 174 194 89 4.362 3.719 4.817
3 180 200 155 9.965 12.17 16.7
4 125 170 84 4.418 3.946 4.525
5 83 19 13 11.73 9.631 5.848
6 127 116 62 12.82 15.03 13.64

start with the basic staple-like shape as depicted in Figure 2a. The R

rest Qf the Hilbgrt curve is cregted.sequentially., using the same = ((i,j, k—3) — 3 > > i+aj+b k-3,

algorithm. Starting with the basic Hilbert curve in each step, in- a——1 b1

crease the grid size by a factor of two. Then, place four copies of the @b)#0,0

previous curve on the grid. The lower two copies are placed directly k=4,56 (5)

as they are. The upper left quarter is rotated by 90° anticlockwise

and the uppgr right quar?er by 90° lockwise. Flnally, connect theThe SOFM neural network is trained with only six neurons in the
four pieces with short straight segments to obtain the next step C“W@ompetition layer. The subsampling set of pixels, according to Eq.
(Fig. 2b,c). A complete _description of the Hilbe_rt's curve is provided (4) for k = 4, consists of 4,006 pixels (instead of 40,000 pixels in the
by Saga” (1994). Ik is the_order O_f the Hilbert's curve, then original image). After training, the neural network coefficients ob-
the rat_lo of the subsampled image pixels over the total number 0f‘ain the values shown in Table I. Using these values, the neural
pixels is network transforms the original image to the new image (Fig. 4b),
) which has only six colors.
4 ) Next, the same problem is solved without using the spatial
number of image pixels features. That is, the neural network is fed only by the RGB
components. Table Il summarizes the neural network coefficients
As an example, Figure 3 depicts a fractal image subsampling of abtained after training, whereas Figure 4c shows the transformed
200 X 200 pixel image withk = 7. image. Due to the use of color information only, the colors of this
image can be considered as the main color components of the
D. The Steps of the Method. According to the above analysis, original image. Using the method described below, the RGB colors
the steps of the proposed color reduction technique are: of the image in Figure 4b are converted to the nearest colors of
Figure 4c. As mentioned previously, this stage is optional and its
Step 1. Define the numbérof the final colors and the number and goal is to distribute the colors of the final image so as to approximate

type of the spatial features. the color distribution of the original image. In this case, the colors
Step 2. Construct the SOFM neural network. are converted as follows:
Step 3. Decide if subsampling will be used.
Step 4. Train the SOFM neural network. (183, 45, 35 — (179, 42, 33
Step 5. Using the neural network, transform the original image to a (174, 194, 89 — (176, 185, 86
new one with the reduced number of colors obtained in (180, 200, 155 — (177, 202, 158
Step 4. (125, 170,84 — (124, 165, 86
Step 6. If it is required, obtain the optimal colors by repeating Step (83,19, 13 — (55,10,0
4, without using the spatial features. Next, convert the (127,116, 62 — (109,91, 47

colors obtained in Step 4 to the new color set.
They produce the final image as shown in Figure 4d. Comparing the

Ill. EXPERIMENTAL RESULTS images of Figure 4c and Figure 4d, it can be observed that indeed the
The entire method has been implemented using MATLAB, versiof™mage of Figure 4d has improved contrast. This was expected due to
5.1. The SOFM neural network is implemented using the neuralhe type of the _spatlal features. The computation time required to
network package of MATLAB and is also tested by the developer®X€cute the entire procedure was 82 sec.
version 3.02 of NeuralSolution (NeuroDimension, Inc.; www.
nd.com).

Table Il. Results obtained using only the RGB components.

Experiment 1. Consider the original 256-color image shown in

Figure 4a. The size of this image is 200200 pixels with 96 dpi ~ Neuron h=r f2=9 fb="0
resolution. In this example and for every RGB component, the 1 177 202 158
absolute difference between the pixel color and the mean color of 2 55 10 6
the eight neighboring pixels was used as the spatial features. These 3 176 185 86
features correspond to the Laplacian magnitude (Sonka et al., 1999) 4 179 42 33
and can be considered as contrast features. Specifically, the threeg igi 12; gg

spatial feature$,, fs, fs are calculated using the relation:
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Figure 5 (a) The original image of experiment 2. (b) Image obtained
without using spatial features.

Experiment 2. This second example demonstrates the influence of
different types of spatial features on the 283151 image shown in
Figure 5a. Specifically, except for the spatial features derived from
Eq. (5), the mean and median values of the 3 neighboring mask
were used as spatial features. The proposed color reduction tect
nigue can operate with many types of features. For example, in ¢
different approach, the hue and saturation components of the colo
of each pixel are used as spatial featdgeandf,. That is, the neural
network is fed not only with the RGB values, but also with the hue
and saturation components of each pixel. It should be noticed tha

lc}

Figure 7 (a) Original image and images obtained by using (b) mean
and (c) Laplacian features, respectively.

the type of local features that must be used depends on the type of
the application and the type of image.

The desirable final number of colors is eight. Figure 5b shows the
resultant image, without the use of any spatial features. Figures 6a—d
show the final color reduction results, obtained by the use of the
Laplacian, mean, median, and hue-saturation spatial features, after
color conversion. Three observations can be made: (1) Laplacian
features produce images having good contrast, (2) mean and median
features result in smoothed images, and (3) the hue-saturation fea-
tures emphasize the main image colors. Therefore, the Laplacian and
hue-saturation features are suitable for lossy image compression,
whereas mean and median features must be used for image segmen-
tation. In all the examples of this experiment, subsampling was not
applied.

For comparison, a nearest color and an error diffusion color
reduction technique were applied to the same image. These tech-
niques result in the images shown in Figure 6e and Figure 6f,
respectively. It can be easily observed that in both cases, the final
colors are degraded compared with the colors produced by the
proposed method. In addition, the results obtained by the error
diffusion technique are inappropriate for image segmentation.

Experiment 3. In this experiment, the proposed method is applied
to the artificial image shown in Figure 7a. The size of this image is
512 X 512 pixels and has 64 colors. The method is applied using
subsampling and two feature sets. Figure 7b shows the image
obtained by using as features, the mean color value of the neigh-
te) (0 boring masks, whereas Figure 7c corresponds to the features de-
Figure 6 Image obtained using (a) Laplacian, (b) mean, (c) median, scribed by Eg. (5). The final six colors obtained are equal to: (244,
and (d) hue-saturation features. Applying () a nearest color and (f) an 219, 133), (82, 0, 0), (239, 185, 0), (169, 169, 156), (173, 131, 30),
error diffusion technique. (243, 175, 135). Because the original image has large homogenous
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