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Abstract— Color quantization is an important operation

with many applications in graphics and image process-

ing. Most quantization methods are essentially based on

data clustering algorithms one which is the popular k-

means algorithm. A common drawback of many conventional

clustering algorithms is the generation of empty clusters

(dead units). In this paper, we apply Uchiyama and Arbib’s

competitive learning algorithm [1] to the problem of color

quantization. In contrast to the conventional batch k-means

algorithm, this competitive learning algorithm requires no

cluster center initialization. In addition, it effectively avoids

the dead unit problem by utilizing a simple cluster splitting

rule. Experiments on commonly used test images demon-

strate that the presented method outperforms various state-

of-the-art methods in terms of quantization effectiveness.

Keywords: Color quantization, clustering, k-means, competitive

learning

1. Introduction

True-color images typically contain thousands of col-

ors, which makes their display, storage, transmission, and

processing problematic. For this reason, color quantization

(reduction) is commonly used as a preprocessing step for

various graphics and image processing tasks. In the past,

color quantization was a necessity due to the limitations of

the display hardware, which could not handle the 16 million

possible colors in 24-bit images. Although 24-bit display

hardware has become more common, color quantization still

maintains its practical value [2]. Modern applications of

color quantization include: (i) image compression, (ii) image

segmentation, (iii) image analysis, (iv) image watermarking,

and (v) content-based image retrieval.

The process of color quantization is mainly comprised of

two phases: palette design (the selection of a small set of

colors that represents the original image colors) and pixel

mapping (the assignment of each input pixel to one of

the palette colors). The primary objective is to reduce the

number of unique colors, N ′, in an image to K (K ≪ N ′)
with minimal distortion. In most applications, 24-bit pixels

in the original image are reduced to 8 bits or fewer. Since

natural images often contain a large number of colors,

faithful representation of these images with a limited size

palette is a difficult problem.

Color quantization methods can be broadly classified into

two categories: image-independent methods that determine

a universal (fixed) palette without regard to any specific

image, and image-dependent methods that determine a cus-

tom (adaptive) palette based on the color distribution of the

images. Despite being very fast, image-independent methods

usually give poor results since they do not take into account

the image contents. Therefore, most of the studies in the

literature consider only image-dependent methods, which

strive to achieve a better balance between computational

efficiency and visual quality of the quantization output.

Numerous image-dependent color quantization methods

have been developed in the past three decades. These can

be categorized into two families: preclustering methods and

postclustering methods [2]. Preclustering methods are mostly

based on the statistical analysis of the color distribution

of the images. Divisive preclustering methods start with

a single cluster that contains all N image pixels. This

initial cluster is recursively subdivided until K clusters are

obtained. Well-known divisive methods include median-cut

[3], octree [4], variance-based method [5], binary splitting

[6], greedy orthogonal bipartitioning [7], center-cut [8], and

rwm-cut [9]. On the other hand, agglomerative preclustering

methods [10], [11], [12], [13] start with N singleton clusters

each of which contains one image pixel. These clusters are

repeatedly merged until K clusters remain. In contrast to

preclustering methods that compute the palette only once,

postclutering methods first determine an initial palette and

then improve it iteratively. Essentially, any data clustering

method can be used for this purpose. Since these methods

involve iterative or stochastic optimization, they can obtain

higher quality results when compared to preclustering meth-

ods at the expense of increased computational time. Clus-

tering algorithms adapted to color quantization include k-

means [14], [15], [16], [17], minmax [18], [19], competitive

learning [20], [21], [22], fuzzy c-means [23], [24], BIRCH

[25], and self-organizing maps [26], [27], [28], [29].

In this paper, we apply Uchiyama and Arbib’s competitive

learning algorithm [1] to the problem of color quantization.

This algorithm requires no cluster center initialization and

avoids the dead unit problem by using a simple cluster
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splitting rule. The rest of the paper is organized as follows.

Sections 2 and 3 describe the conventional batch k-means

clustering algorithm and Uchiyama and Arbib’s competitive

learning algorithm, respectively. Section 4 presents the ex-

perimental results, whereas Section 5 gives the conclusions.

2. Batch K-Means Algorithm

The k-means algorithm [30] is inarguably one of the most

widely used methods for data clustering [31], [32]. Given a

data set X = {x1, . . . ,xN} ∈ R
D, the objective of k-means

is to partition X into K exhaustive and mutually exclusive

clusters S = {S1, . . . , Sk} ,
⋃K

k=1
Sk = X, Si ∩ Sj ≡ ∅

for i 6= j by minimizing the sum of squared error (SSE):

SSE =
K

∑

k=1

∑

xi∈Sk

‖xi − ck‖2
(1)

where, ‖ ‖ denotes the Euclidean norm and ck is the

center of cluster Sk calculated as the mean (average) of

points that belong to this cluster. This problem is known

to be computationally intractable, but a heuristic method

developed by Lloyd [33] offers a simple solution. Lloyd’s

algorithm starts with K arbitrary centers, typically chosen

uniformly at random from the data points. Each point is then

assigned to the nearest center, and each center is recalculated

as the mean of all points assigned to it. These two steps are

repeated until a predefined termination criterion is met. The

pseudocode for this procedure is given in Algo. (1) (bold

symbols denote vectors). Here m[i] denotes the membership

of point xi, i.e. index of the cluster center that is nearest to

xi.

For the purpose of color quantization, the batch k-means

algorithm has two main drawbacks. First, due to its batch

nature, i.e. cluster centers are updated after the presentation

of all the input vectors, the algorithm might get stuck in local

optima. Second, the algorithm is quite sensitive to the initial

choice of cluster centers. For example, a poor initialization

scheme might lead to empty clusters (dead units).

3. Adaptive Distributing Units Algo-

rithm

The Adaptive Distributing Units (ADU) algorithm of

Uchiyama and Arbib [1] is an online clustering algorithm

based on the competitive learning paradigm, which is closely

related to neural networks [32]. According to Rumelhart and

Zipser [34], a competitive learning scheme consists of the

following three basic components:

1) Start with a set of units that are all the same except

for some randomly distributed parameter which makes

each of them respond slightly differently to a set of

input patterns.

2) Limit the ’strength’ of each unit.

input : X = {x1, . . . ,xN} ∈ R
D (N × D input data

set)

output: C = {c1, . . . , cK} ∈ R
D (K cluster centers)

Select a random subset C of X as the initial set of

cluster centers;

while termination criterion is not met do

for (i = 1; i ≤ N ; i = i + 1) do
Assign xi to the nearest cluster;

m[i] = argmin
k∈{1,...,K}

‖xi − ck‖2
;

end

Recalculate the cluster centers;

for (k = 1; k ≤ K; k = k + 1) do
Cluster Sk contains the set of

points xi that are nearest to the

center ck;

Sk = {xi |m[i] = k };

Calculate the new center ck as

the mean of points that belong

to Sk;

ck = 1

|Sk|

∑

xi∈Sk

xi;

end

end
Algorithm 1: Batch K-Means Algorithm

3) Allow the units to compete in some way for the right

to respond to a given subset of inputs.

Due to their online nature, i.e. cluster centers are up-

dated after the presentation of each input vector, clustering

algorithms based on the competitive learning scheme are

generally more adaptive. In other words, online clustering

methods are more likely to escape local minima when

compared to batch methods.

The pseudocode for the ADU algorithm is given in Algo.

(2). Here n and wc[i] denote the number of cluster centers

determined at a given time and the number of times that

center ci won the competition in the past, respectively. The

algorithm parameters θ, tmax, and γ denote the maximum

number of times a particular center can win, the maximum

number of iterations, and the learning rate, respectively. The

procedure starts with a single cluster whose center is given

by the centroid of the input vectors. New cluster centers are

added by splitting existing clusters that reach the threshold

number of wins θ until the number of clusters reaches K .

This splitting rule effectively avoids the dead unit problem.

Following [1], the algorithm parameters were set to θ =
400

√
K, tmax = (2K − 3)θ, and γ = 0.015.

4. Experimental Results and Discussion
The ADU method was compared to some of the well-

known quantization methods in the literature:

• Median-cut (MC) [3]: This method starts by building

a 32 × 32 × 32 color histogram that contains the
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input : X = {x1, . . . ,xN} ∈ R
D (N × D input data

set)

output: C = {c1, . . . , cK} ∈ R
D (K cluster centers)

The first unit is given by the

centroid of the input vectors;

n = 1;

cn = 1/N
∑N

i=1
xi;

Initialize the win counts to 0;

for (i = 1; i ≤ K; i = i + 1) do
wc[i] = 0;

end

for (t = 1; t ≤ tmax; t = t + 1) do
Select an input vector x randomly from X ;

Determine the winner (nearest) unit;

winner = argmin
k∈{1,...,n}

‖x − ck‖2
;

Update the winner and its win count;

cwinner = cwinner + γ (x − cwinner);
wc[winner] = wc[winner] + 1;

Split the unit if its win count

exceeds the threshold;

if wc[winner] = θ && n < K then
n = n + 1;

cn = cwinner ;

wc[n] = wc[winner] = 0;
end

end
Algorithm 2: Adaptive Distributing Units Algorithm

original pixel values reduced to 5 bits per channel by

uniform quantization. This histogram volume is then

recursively split into smaller boxes until K boxes are

obtained. At each step, the box that contains the largest

number of pixels is split along the longest axis at

the median point, so that the resulting subboxes each

contain approximately the same number of pixels. The

centroids of the final K boxes are taken as the color

palette.

• Variance-based method (WAN) [5]: This method is

similar to MC, with the exception that at each step the

box with the largest weighted variance (squared error)

is split along the major (principal) axis at the point that

minimizes the marginal squared error.

• Greedy orthogonal bipartitioning (WU) [7]: This

method is similar to WAN, with the exception that at

each step the box with the largest weighted variance

is split along the axis that minimizes the sum of the

variances on both sides.

• Neu-quant (NEU) [26]: This method utilizes a one-

dimensional self-organizing map (Kohonen neural net-

work) with 256 neurons. A pseudo-random subset of

N/f pixels is used in the training phase and the final

weights of the neurons are taken as the color palette. In

the experiments, the highest quality setting, i.e. f = 1,

was used.

• Local k-means (LKM) [20]: This method uses hard

competitive learning with an exponential decay to ap-

proximate an optimal palette using multiple subsets of

image pixels.

• Modified minmax (MMM) [18]: This method choses

the first center c1 arbitrarily from the data set and the

i-th center ci (i = 2, . . . , K) is chosen to be the point

that has the largest minimum weighted L2

2
distance (the

weights for the red, green, and blue channels are taken

as 0.5, 1.0, and 0.25, respectively) to the previously

selected centers, i.e. c1, c2, . . . , ci−1. Each of these

initial centers is then recalculated as the mean of the

points assigned to it.

• Pairwise clustering (PWC) [12]: This method is a

modification of Ward’s agglomerative hierarchical clus-

tering method [35]. It builds a reduced color histogram

and constructs a Q×Q joint quantization error matrix,

where Q represents the number colors in the reduced

color histogram. The clustering procedure starts with

Q singleton clusters each of which contains one image

pixel. At each iteration, the pair of clusters with the

minimum joint quantization error are merged. This

merging process is repeated until K clusters remain.

Note that this method has quadratic complexity in Q
and therefore the size of the reduced histogram was

chosen as 16 × 16 × 16 to limit the computational

requirements.

• Split & Merge (SAM) [13]: This two-phase method

first divides the color space uniformly into B partitions.

This initial set of B clusters is represented as an

adjacency graph. In the second phase, (B − K) merge

operations are performed to obtain the final K clusters.

At each step of the second phase, the pair of clusters

with the minimum joint quantization error are merged.

In the experiments, the initial number of clusters was

set to B = 20K .

• Conventional k-means (KM): This method is imple-

mented as outlined in Algo. (1) with random initial-

ization [36] and a maximum number of iterations of

10.

The effectiveness of a quantization method was quantified

by the commonly used Mean Squared Error (MSE) measure:

MSE =
1

HW

H
∑

h=1

W
∑

w=1

∥

∥

∥
I(h, w) − Î(h, w)

∥

∥

∥

2

(2)

where I and Î denote the original and the quantized

images with height H and width W , respectively. Note

that the Peak Signal-to-Noise Ratio (PSNR) measure can

be easily calculated from the MSE value:

PSNR = 20 log10

(

255√
MSE

)

. (3)
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Table 1 shows the performance of the methods at quan-

tization levels 32, 64, 128, and 256 on some of the most

commonly used test images in the literature, namely Baboon,

Lenna, Parrots, and Peppers. The best (lowest) MSE values

are shown in bold. Note that since KM and ADU involve

randomness, the quantization errors for these methods are

specified in the form of mean/standard deviation over 50

runs. It can be seen that the most effective method is ADU,

which is followed by KM, NEU, and SAM. In addition,

ADU is significantly more stable when compared to KM

despite the fact that both of them are nondeterministic.

Figure 1 shows the quantization results for the Parrots

image and the corresponding error images. The error image

associated with a particular quantization method was ob-

tained by taking the pixelwise absolute difference between

the original and the quantized images. In order to obtain a

better visualization, pixel values of the error images were

multiplied by 4 and then negated. It can be seen that ADU

obtains visually pleasing results with less prominent con-

touring at low quantization levels. Furthermore, it achieves

the highest color fidelity which is evident by its clean error

image.

5. Conclusions
In this paper, an effective color quantization method

based on the competitive learning paradigm was introduced.

The method is advantageous over conventional clustering

methods in that it requires no cluster center initialization

and that it avoids the dead unit problem. Experiments on a

diverse set of images demonstrated that the presented method

outperforms state-of-the-art methods in terms of quantization

effectiveness.

The implementation of the presented color quantization

method will be made publicly available as part of the Fourier

image processing and analysis library, which can be down-

loaded from http://sourceforge.net/projects/

fourier-ipal.
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Table 1

MSE COMPARISON OF THE QUANTIZATION METHODS

Baboon (512×512) Lenna (512 × 480)

K K

Method 32 64 128 256 32 64 128 256

MC 546 371 248 166 165 94 71 47

WAN 509 326 216 142 159 93 61 43

WU 422 248 155 99 130 76 46 29

NEU 363 216 128 84 119 68 36 23

LKM 407 216 145 92 123 73 42 33

MMM 489 270 189 120 139 86 50 34

PWC 422 254 161 104 164 103 72 63

SAM 396 245 153 99 135 88 56 40

KM 346/12 204/3 129/2 83/1 107/7 61/2 37/1 24/0

ADU 332/3 197/1 124/0 78/0 98/1 57/0 34/0 22/0

Parrots (1536 × 1024) Peppers (512 × 512)

K K

Method 32 64 128 256 32 64 128 256

MC 401 258 144 99 333 213 147 98

WAN 365 225 146 90 333 215 142 93

WU 291 171 96 59 264 160 101 63

NEU 306 153 84 47 249 151 83 55

LKM 406 185 113 59 286 173 100 62

MMM 332 200 117 73 292 182 113 76

PWC 745 489 340 274 286 188 117 80

SAM 276 160 94 60 268 161 100 64

KM 263/16 154/11 86/4 51/2 231/6 142/5 87/2 55/1

ADU 239/4 133/2 76/1 45/0 223/2 133/1 81/0 50/0

(a) MC output (b) MC error

(c) WAN output (d) WAN error

(e) WU output (f) WU error

(g) NEU output (h) NEU error

(i) LKM output (j) LKM error

(k) MMM output (l) MMM error

(m) PWC output (n) PWC error

(o) SAM output (p) SAM error

(q) KM output (r) KM error

(s) ADU output (t) ADU error

Fig. 1

QUANTIZATION RESULTS FOR PARROTS (K = 32)
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