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Abstract: The paper studies the restoration of colour-quantised images. Restoration of colour-
quantised images is rarely addressed in the literature, and direct applications of existing restoration
techniques are generally inadequate to deal with this problem. The authors propose a POCS-based
restoration algorithm specific to colour-quantised images, which makes a good use of the available
colour palette to derive useful a priori information for restoration. The proposed restoration
algorithm is shown to be capable of improving the quality of a colour-quantised image to a certain
extent.

1 Introduction

Colour quantisation is the process of reducing the number
of colours in a digital image by replacing them with a
representative colour selected from a palette [1]. It is widely
used nowadays as it lessens the burden of massive image
data on storage and transmission bandwidth in many
multimedia applications.

A colour-quantised image can be considered as a
degraded version of the original full-colour image. Accord-
ingly, there should be some image restoration techniques for
recovering the original image from its colour-quantised
version whenever it is necessary. Although there is quite an
amount of work in the literature on digital restoration of
noisy and blurred colour images [2–9], very little effort has
been reported in the literature to address the restoration of
colour-quantised images. Obviously, the degradation
models of the two cases are completely different and
hence a direct adoption of conventional restoration
algorithms may not work effectively. This paper is devoted
to formulating the problem of colour-quantised image
restoration and developing a restoration algorithm specific
to restoration of colour-quantised images.

2 Image degradation in colour quantisation

A pixel of a 24-bit full colour image generally consists of
three colour components. The intensity values of these
three components form a vector in a 3-D space. In colour
quantisation, each pixel vector is compared with a set of
representative colour vectors, v̂vi; i ¼ 1; 2; . . . ;Nc; which
are stored in a previously generated colour palette.
The best-matching colour is selected based on the
minimum Euclidean distance criterion, where the
Euclidean distance measure between vectors ~vv1 and ~vv2

is defined as dð~vv1;~vv2Þ � k~vv1 �~vv2k: In other words, a
pixel vector ~vv is represented by colour v̂vk if and only if
dð~vv; v̂vkÞ � dð~vv; v̂vjÞ for all j ¼ 1; 2; . . . ; Nc: Once the best-
matching colours for all pixel vectors of the source image
have been selected from the colour palette, the indices of
the selected colours are transmitted to the receiver with
the colour palette. At the receiver, with the same colour
palette, the colour quantised image can be reconstructed
based on the received indices.

3 Restoration of colour-quantised images

3.1 Formulation of a priori information

A colour image X generally consists of three colour planes,
say Xr; Xg and Xb; which represent the red, green and blue
colour planes of the image, respectively. The (i, j)th pixel of

the image is hence a 3-D vector represented by ~XXði; jÞ ¼
ðXði; jÞr;Xði; jÞg;Xði; jÞbÞt; where Xði; jÞc 2 ½0; 1
 is the intensity
value of the cth colour component of the (i, j)th pixel and
t denotes the transpose of a matrix. Here, we assume that the
maximum and the minimum intensity values of a pixel are,
respectively, 1 and 0. In this paper, all vectors in a 3-D space
are represented in column vector form.

Consider the case that image X is encoded as Y by colour
quantisation with a colour palette C containing Nc colours:

C ¼ fv̂vi; i ¼ 1; 2; . . . ; Ncg ð1Þ
According to colour quantisation theory, the Nc colours in
the palette partition the whole colour vector space, say G;
into Nc nonoverlapped Voronoi regions.

Without loss of generality, let Rk ¼ f~vvj~vv 2 G and
dð~vv; v̂vkÞ � dð~vv; v̂vjÞ for j ¼ 1; 2; . . . ; Ncg be a particular
Voronoi region in the R–G–B 3-D space as shown in
Fig. 1. In this Figure, the surface mounted to the framework
shows the border of the Voronoi region and the dots in
the region represent the pixels of the image X which
belong to Rk: All these pixels form a set of vectors denoted
as RkðXÞ:

Through a principal component analysis [10], the three
principal components of the elements in f~vv � v̂vkj~vv 2 RkðXÞg
can be obtained. In the analysis, we assume that the mean of
~vv 2 RkðXÞis v̂vk: The three arrows marked in Fig. 1 show
the directions of the three principal components. Their
intersection point corresponds to v̂vk: Accordingly, a local
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co-ordinate system of Rk can be defined by using them as the
three axes.

Let Mk be the linear transformation operator that moves
Rk to align its local co-ordinate system to the R–G–B
co-ordinate system. In formulation, it is defined as

Mkð~vvÞ ¼ Tkð~vv � v̂vkÞ for ~vv 2 Rk ð2Þ

where Tk is a 3 � 3 matrix whose rows are the correspond-
ing eigenvectors of matrix Ak whose element Akði; jÞ is
defined as

Akði; jÞ ¼ 1

No;k

X
~vv2RkðXÞ

ðvi � v̂vk;iÞðvj � v̂vk;jÞ for i; j 2 fr; g; bg

ð3Þ

Here, No;k is the total number of vectors in RkðXÞ; vi and vj

are, respectively, the ith and jth colour components of ~vv;
and, v̂vk;i and v̂vk; j are, respectively, the ith and jth colour
components of v̂vk; where i; j 2 fr; g; bg: Note that Tk is
actually the KL transform kernel for the elements in RkðXÞ:
The inverse of transformation Tk is given as Tt

k:
After the transformation, the first most, the second most

and the least significant principal components align,
respectively, with the R-, G- and B-axis. Then, for all
~vv 2 RkðXÞ; a corresponding variance vector can be defined as

~��k ¼ �2
k;1; �

2
k;2; �

2
k;3

� �
ð4Þ

where

�2
k;s ¼

1

No;k

X
~vv2RkðXÞ

�
½Tkð~vv � v̂vkÞ
s

�2
for s 2 f1; 2; 3g ð5Þ

Here, ½Tkð~vv � v̂vkÞ
s denotes the sth most significant principal
component of Tkð~vv � v̂vkÞ: Note that �2

k;s is actually the
variance of the sth most significant principal component of
f~vv � v̂vkj~vv 2 RkðXÞg; which provides us an important con-
straint to seek the original image X:

In practice, X is not available and hence RkðXÞ has to be
estimated. Different approaches of estimation provide
different results. The most straightforward approach is to
select some typical images to form a training set Ot and then
approximate ~��k with vectors in Ot \ Rk instead of RkðXÞ: In
our approach, we blur the available Y; the colour quantised
image on hand, with a low-pass filter and then estimate RkðXÞ
to be R0

kðXÞ ¼ f~vvj~vv 2 Rk and~vv is a pixel in the blurred Y}. By
doing so, the training pixel vectors are biased to the blurred
Y and, to a certain extent, X instead of the training images,

which may be very different from X: Besides, the
correlation among adjacent pixels in a particular local
region of Y can be taken into account to estimate a particular
pixel of X in a corresponding position. After obtaining
R0

kðXÞ; ~��k can then be approximated with vectors in R0
kðXÞ

with (5).
Note that all the ~��ks are solely determined by the

available image Y and the colour palette which is attached
with the image or known by default. No extra information is
required for their estimation.

Let ~XXði; jÞ and ~YYði; jÞ be the three-dimensional vectors

representing the (i, j)th pixels of the original image X and
the encoded image Y; respectively. If v̂vk 2 C is the colour

used to represent ~XXði; jÞ; then we will have~YYði; jÞ ¼ v̂vk; and the

distance between ~YYði; jÞ and ~XXði; jÞ will be bounded by the
boundary of the Voronoi region Rk: More specifically,
any particular principal component of ~XXði; jÞ �~YYði; jÞ; say,

½Tkð~XXði; jÞ �~YYði; jÞÞ
s; is also bounded. In formulation, we
have

ð½Tkð~XXði; jÞ �~YYði; jÞÞ
sÞ2 � eði; jÞs ð6Þ

where eði; jÞs is the corresponding bound.
Since we have ~YYði; jÞ ¼ v̂vk; the bound eði; jÞs can be

estimated to be a function of �2
k;s: By assuming that eði; jÞs is

proportional to �2
k;s; we have j½Tkð~XXði; jÞ �~YYði; jÞÞ
sj � b�k;s;

where b is a scaling parameter. This forms a constraint

set S1 ¼ fIj~IIði; jÞ 2 G and j½Tkð~XXði; jÞ �~YYði; jÞÞ
sj � b�k;s for

all i; jg; where k is the index of the codeword v̂vk ¼ ~YYði; jÞ to

restore X.
Typical images would generally have weak high

frequency components as the intensity of neighbouring
pixels is highly correlated. This feature can be exploited
as an additional a priori information in the restoration of
colour-quantised images. The conventional approach to
incorporate this information into restoration is to assume
that the energy of the high frequency components of
image X is bounded. In our approach, we assume that the
energy of each high frequency component of X is
bounded and the bound of each component is estimated
with the low-pass filtered Y: In particular, we have
j½T ðXÞ
ðu;wÞj � j½T ðFðYÞÞ
ðu;wÞj for ðu;wÞ 2 OH ; where F
and T are, respectively, a linear low-pass filtering
operator and a 2-D DCT operator, ½�
ðu;wÞ denotes the
(u,w)th element in the transform domain and OH defines
the set of high frequency components which should
be bounded. This forms a smoothness constraint set
S0 ¼ fIj~IIði; jÞ 2 G and j½T ðIÞ
ðu;wÞj � j½T ðFðYÞÞ
ðu;wÞj for
ðu;wÞ 2 OHg for restoring image X:

Two more constraint sets can be used to restore X: One is
that which confines the intensity value of a particular
pixel to be valid. In formulation, we have S2 ¼ fIj~IIði; jÞ 2 G
and 0 � Iði; jÞc � 1 for all i; jg: The other is S3 ¼ fIj~IIði; jÞ 2 G
and Qð~IIði; jÞÞ ¼ ~YYði; jÞ for all i; jg; where Q is the colour

quantisation operator. This set makes sure that the colour
quantised output of the restored X is Y:

3.2 Formulation of restoration algorithm

Based on the a priori information concerning the colour
quantisation process and the original image, four constraint
sets are defined in the previous subsection. All of these
constraint sets are convex sets. Based on the theory of
projection onto convex sets (POCS) [11], which states that a
good estimate of the original image can be obtained by

Fig. 1 Local co-ordinate system assoicated with a Voronoi
region Rk
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successively projecting an estimate onto each of convex
constraint sets until it converges to an element in the
intersection of all these sets, an iterative algorithm can be
defined as

Xðnþ1Þ ¼ P3P2P1P0XðnÞ ð7Þ

where XðnÞ is the estimate of X at iteration n and Pi is a
projection operator projecting a given image I onto Si;
where i 2 f0; 1; 2; 3g: In particular, they are defined as:

P0 : ½T ðIÞ
ðu;wÞ ¼ ½T ðFðYÞÞ
ðu;wÞ
if j½T ðIÞ
ðu;wÞj > j½T ðFðYÞÞ
ðu;wÞj for ðu;wÞ 2 OH

ð8Þ

P1 : ½Tk
~IIði; jÞ
s

¼
½Tk

~YYði; jÞ
s þ b�k;s if ½Tk
~IIði; jÞ
s > ½Tk

~YYði; jÞ
s þ b�k;s

½Tk
~YYði; jÞ
s � b�k;s if ½Tk

~IIði; jÞ
s < ½Tk
~YYði; jÞ
s � b�k;s

8<
:

for s 2 f1; 2; 3g 8ði; jÞ
ð9Þ

where k is the index of the codeword v̂vk ¼ ~YYði; jÞ;

P2 : Iði; jÞc ¼
1 if Iði; jÞc > 1

0 if Iði; jÞc < 0

(
for c 2 fr; g; bg 8ði; jÞ

ð10Þ

P3:~IIði; jÞ ¼ ~YYði; jÞ ifQð~IIði; jÞÞ 6¼ ~YYði; jÞ 8ði; jÞ ð11Þ

The initial estimate Xð0Þ is set to be FðYÞ; although
theoretically no restriction is imposed on the initial
estimate.

Based on a similar idea presented in [12], it is
desirable to keep S1 to be a subset of S3: At the same
time, the size of S1 should be as big as possible under the
constraint so as not to exclude the original X in the set of
potential candidates. In our proposed algorithm, in order
to achieve both goals, we first select an appropriate b
such that S1 and S3 are of similar size at the beginning
and then reduce the size of S1 by adjusting the value of b
at each iteration until S1 � S3 is achieved. Specifically,
projection P1 is modified as

P1 : ½Tk
~IIði; jÞ
s

¼
½Tk

~YYði; jÞ
s þ bk�k;s if ½Tk
~IIði; jÞ
s > ½Tk

~YYði; jÞ
s þ bk�k;s

½Tk
~YYði; jÞ
s � bk�k;s if ½Tk

~IIði; jÞ
s < ½Tk
~YYði; jÞ
s � bk�k;s

8<
:

ð12Þ

During the realization of projection P3; if Qð~IIði; jÞÞ 6¼
~YYði; jÞ happens, the bk associated with codeword

v̂vk ¼ ~YYði; jÞ is adjusted by bk ¼ abk; where a ð<1Þ is a

scaling parameter which controls the rate of adjustment.
Note that this adjustment does not affect the convergence.
The adjustment reduces the size of S1: The adjusted S1 is
a convex set and hence, at any time, all constraint sets
are convex sets. Eventually, S1 becomes a subset of S3

and there will be no more adjustment. When this point is
reached, it becomes a typical POCS algorithm and the
convergence can be guaranteed.

4 Simulation and comparative study

Simulation has been carried out to evaluate the performance
of the proposed algorithm on a set of colour-quantised
images. In our simulation, a number of 24-bit full colour test
images were first colour-quantised with a colour palette of
256 colours. In our study, two colour palettes were
generated with a median cut algorithm [13] and octree
algorithm [14], respectively. They were used to investigate
if the algorithm worked with inputs obtained with different
colour palettes. No half-toning was performed during the
quantisation. The test images applied were a set of de facto
standard 24-bit full colour images of size 256 � 256 each.

The proposed restoration algorithm was then applied to
restore the quantised images. In the realization of the
proposed algorithm, the observed colour image Y was
blurred with a 3 � 3 average filter to generate a training set
to estimate ~��k: The 3 � 3 Gaussian filter was used as filter
F and OH was defined as fðu;wÞjð256� uÞ2 þð256�wÞ2 <
80000 and 0 � u;w < 256g: The initial value of bk was
assigned to be bk ¼ 0:05=� for all k, where � is the
maximum of �k;s s for all k and s, and a was assigned to
be 0.8.

By considering that the extreme case happens when the
whole colour space is uniformly partitioned into slices of
equal width and that colours are uniformly distributed in the
colour space, the lower bound of �2

k;s is set to be
ð1=12Þð1=NcÞ2, where Nc is the total number of colours in
the palette.

Some other restoration algorithms which were orig-
inally proposed for restoring noisy and blurred colour
images were also evaluated for comparison. They were
simulated here for comparative study as few schemes had
been proposed for restoring colour-quantised images and
they are typical examples of the type ([2–9]). In
particular, Galatsanos’s algorithm [4] is based on the
constrained least squares approach and Hunt’s algorithm
[5] is based on Wiener filtering. Two algorithms were
presented in Altunbasak’s work [6]. One makes use of
the correlation among the colour components of a pixel
while the other one does not during the restoration. They
are, respectively, referred to as KL and IND in [6]. Both
algorithms take the colorimetric aspects into account and
try to minimise the error in CIELAB space [15]. Kim’s
algorithm [12] was designed for restoring vector
quantised images and it was realised for comparison
here due to the problem nature of vector quantisation
being similar to colour quantisation.

In realising Galatsanos’s algorithm [4], the noise power
of each channel was estimated with the original full-colour
image. In realising Hunt’s algorithm [5], three separate
Wiener filters were used in three different channels and,
during the design of the filters, the noise spectrum of each
channel was estimated with the original full-colour image.
Similarly, the original full-colour image was used to
estimate the power spectra of different channels in realising
Altunbasak’s algorithms [6]. In a practical situation, no
original image is available and hence all parameters must be
estimated from the degraded image. In other words, in
practice, the restoration results of [4–6] may not be as good
as those presented in this paper. In realising Kim’s
algorithm [12], the blurred version of the observed image
was used as the training set and the projection ratio � was set
to be 0.05. As it is not necessary to use the original full-
colour image to extract information for the realisation of
Kim’s algorithm [12] and the proposed algorithm,
additional credit should be added to the simulation results
of these algorithms indeed.
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Tables 1–3 show the performance of various algorithms
in restoring images colour-quantised with a 256-colour
palette. The palette was generated with a median cut
algorithm [13]. Mathematically, the SNR improvement
(SNRI) criterion used in Table 1 is defined as

SNRI ¼ 10log

P
ði; jÞ k~XXði; jÞ �~YYði; jÞk2P
ði; jÞ k~XXði; jÞ � ~XX0

ði; jÞk2

where ~XXði; jÞ;~YYði; jÞ and ~XX0
ði; jÞ are, respectively, the (i,j)th

pixels of the original, the colour-quantised and the restored
images.

From Tables 1–3, one can see that the performance of the
proposed algorithm is better as compared with the others.
On average, by applying the proposed algorithm to restore
the colour-quantised images, an SNRI of 1.9 dB in image
quality was achieved. Tables 2 and 3 show the performance

Table 2: Performance of various algorithms in restoring images colour-quantised with a 256-colour palette generated
with median cut algorithm [13]: average of CIELAB difference DE of outputs

Restored image

Input Y Proposed Kim [12] Galatsanos [4] Hunt [5] Altunbasak-IND [6] Altunbasak-KL [6]

Lenna 2.6766 2.1521 2.5531 2.5915 2.2659 2.2882 2.2897

Baboon 3.8271 3.3882 3.7238 3.7852 3.5682 3.4950 3.5002

Boat 3.5413 3.0048 3.4094 3.5091 3.2857 3.1313 3.1432

Peppers 4.0172 3.4618 3.8058 4.0420 3.7577 3.6311 3.6303

Airplane 1.5932 1.3061 1.5376 1.5819 1.3904 1.3847 1.4011

Fruits 2.6968 2.3520 2.5887 2.6651 2.4459 2.4196 2.4363

Couple 7.0907 5.9214 6.7513 6.8206 6.1153 6.3761 6.3850

Girl 5.9561 4.8354 5.6240 6.0030 5.2304 5.1310 5.1466

Tiffany 1.3160 1.1480 1.2607 1.2974 1.2468 1.1754 1.1778

Average 3.6350 3.0633 3.4727 3.5884 3.2563 3.2258 3.2345

Table 1: Performance of various algorithms in restoring images colour-quantised with a 256-colour palette generated
with median cut algorithm [13]: SNR improvement (dB)

Proposed Kim [12] Galatsanos [4] Hunt [5] Altunbasak-IND [6] Altunbasak-KL [6]

Lenna 2.7183 0.9283 0.3881 1.4077 1.6075 1.6334

Baboon 0.8340 0.5558 0.2082 0.2381 0.6678 0.6302

Boat 1.1627 0.6423 0.1985 0.3990 1.0932 1.0244

Peppers 2.7374 0.9787 0.1881 1.5510 2.1667 2.1799

Airplane 1.4115 0.5334 0.0345 0.9266 0.8900 0.5824

Fruits 2.0592 0.8438 0.3048 0.8707 0.8959 0.6666

Couple 2.1252 0.6700 0.4932 1.1115 1.5100 1.4709

Girl 2.7180 0.8186 0.4993 1.0614 1.9525 1.9037

Tiffany 1.3421 0.7539 0.1744 0.2217 0.9405 0.8640

Average 1.9009 0.7472 0.2766 0.8653 1.3027 1.2173

Table 3: Performance of various algorithms in restoring images colour-quantised with a 256-colour palette generated
with median cut algorithm [13]: % of pixels which have CIELAB DE < 3 after restoration

Restored image

Input Y Proposed Kim [12] Galatsanos [4] Hunt [5] Altunbasak-IND [6] Altunbasak-KL [6]

Lenna 66.65 78.53 68.68 67.58 75.55 74.90 74.86

Baboon 44.67 52.04 45.44 44.30 49.53 49.32 49.29

Boat 52.96 60.66 54.06 52.80 57.04 58.38 58.13

Peppers 47.05 57.69 49.68 46.11 52.82 55.60 55.62

Airplane 90.48 92.10 90.67 90.33 91.88 92.24 92.08

Fruits 72.24 77.19 73.14 72.04 76.47 76.26 75.99

Couple 18.59 25.66 19.40 19.45 25.40 25.99 25.85

Girl 29.02 37.64 30.46 30.04 32.98 35.49 35.38

Tiffany 95.30 96.25 95.52 95.28 95.24 96.22 96.23

Average 57.44 64.20 58.56 57.55 61.88 62.71 62.60
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of the evaluated algorithms in terms of the CIELAB colour
difference ðDEÞ metric. It is well accepted that a rule of
thumb for visually detectable colour errors is DE > 3
[6, 16]. Table 2 shows the average of the DE values of all
pixels in a restoration output and Table 3 shows the

percentage of pixels whose colour error is visually
undetectable in a restoration output.

Tables 4-6 show the case when the 256-colour palette was
generated with an octree algorithm [14]. One can see that
the proposed algorithm is superior to the others even though

Table 4: Performance of various algorithms in restoring images colour-quantised with a 256-colour palette generated
with octree algorithm [14]: SNR improvement (dB)

Proposed Kim [12] Galatsanos [4] Hunt [5] Altunbasak-IND [6] Altunbasak-KL [6]

Lenna 2.0956 0.8824 0.3493 0.8224 1.2142 1.0759

Baboon 1.1023 0.5567 0.1592 0.6033 0.9306 0.8715

Boat 0.8919 0.6533 0.2956 0.1443 1.0104 0.8662

Peppers 2.2682 0.9802 0.3453 1.4042 2.1813 2.0777

Airplane 0.5862 0.6281 0.1487 0.4570 0.6606 0.1854

Fruits 2.0337 0.8560 0.1269 0.9274 0.8008 0.3400

Couple 1.5417 0.7507 0.5472 0.8953 1.3941 1.1468

Girl 2.8007 0.8837 0.6852 1.2057 2.1050 2.0058

Tiffany 2.2297 0.7773 0.3020 0.5585 1.4366 1.5018

Average 1.7278 0.7743 0.3288 0.7798 1.3037 1.1190

Table 5: Performance of various algorithms in restoring images colour-quantised with a 256-colour palette generated
with octree algorithm [14]: average of CIELAB difference DE of the outputs

Restored image

Input Y Proposed Kim [12] Galatsanos [4] Hunt [5] Altunbasak-IND [6] Altunbasak-KL [6]

Lenna 2.2740 1.9937 2.1950 2.2301 2.0712 2.0417 2.0563

Baboon 3.9743 3.4836 3.8698 3.9381 3.6654 3.5961 3.6072

Boat 3.3683 3.0084 3.2626 3.3237 3.1713 3.0294 3.0436

Peppers 4.3351 3.9439 4.2318 4.2590 4.1693 3.9921 4.0101

Airplane 1.2000 1.1060 1.1692 1.1919 1.1437 1.1130 1.1295

Fruits 2.8303 2.4688 2.7366 2.8084 2.5729 2.5466 2.5836

Couple 6.0473 5.4259 5.8641 5.9530 5.9193 5.7894 5.8212

Girl 5.3507 4.5825 5.1397 5.2992 5.1688 4.8127 4.8270

Tiffany 1.6494 1.4203 1.5854 1.6091 1.5076 1.4414 1.4346

Average 3.4477 3.0481 3.3394 3.4014 3.2655 3.1514 3.1681

Table 6: Performance of various algorithms in restoring images colour-quantised with a 256-colour palette generated
with octree algorithm [14]: % of pixels with CIELAB DE < 3 after restoration

Restored image

Input Y Proposed Kim [12] Galatsanos [4] Hunt [5] Altunbasak-IND [6] Altunbasak-KL [6]

Lenna 76.62 82.11 77.80 76.91 80.67 81.68 81.32

Baboon 38.42 46.95 39.17 38.10 45.37 43.98 43.84

Boat 54.96 60.59 55.68 54.77 58.58 59.92 59.72

Peppers 42.75 48.63 44.04 42.74 47.41 50.03 49.77

Airplane 93.51 94.24 93.56 93.39 94.57 94.82 94.54

Fruits 65.11 72.32 66.19 64.60 71.99 71.41 70.63

Couple 20.07 26.15 20.95 20.65 24.26 25.09 24.69

Girl 26.68 36.89 28.45 26.79 31.18 33.62 33.43

Tiffany 92.73 95.75 93.62 93.27 93.66 95.33 95.62

Average 56.76 62.62 57.72 56.80 60.86 61.77 61.51
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the input is colour-quantised with different colour palettes.
On average, the proposed algorithm can achieve an SNRI of
1.7 dB in image quality in this case.

Figures 2 and 3 show the thresholded DE images obtained
with different restored results for visual evaluation. The
white area in the images corresponds to the area whose
colour error is not detectable ðDE < 3Þ:

In practical applications, images are usually encoded with
a palette of size 256. Tables 7-9 show the case when the
testing images were colour-quantised with a 128-colour
palette generated with a median cut algorithm [13]. One

can see that the proposed algorithm is still superior to the
others when the number of colours is reduced more
drastically.

5 Conclusions

Very little research has been carried out to address the
restoration of colour-quantised images. Also, direct appli-
cations of existing restoration techniques are generally
inadequate to deal with the problem as these algorithms are
generally proposed for handling noisy blurred colour images

Fig. 2 Thresholded CIELAB DE ð<3Þ maps of outputs of various approaches in restoring colour-quantised ‘Lenna’

Palette contains 256 colours and is obtained with median-cut algorithm [13]
a Proposed
b Galatsanos [4]
c Hunt [5]
d Kim [12]
e Altunbasak-IND [6]
f Altunbasak-KL [6]
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[2–9]. The noise introduced by colour quantisation is
basically signal-dependent and is not white, which violates
the assumptions adopted in most current multichannel
restoration algorithms. A better restoration performance can
be expected if an algorithm takes this into account.

A restoration algorithm specific to colour-quantised
images based on the POCS approach has been presented.
This algorithm makes good use of the colour palette to
derive useful a priori information for restoration. It has been
demonstrated by simulation results and comparative study

that the proposed restoration algorithm is capable of
improving the quality of a colour-quantised image, as
compared with other existing restoration approaches such as
in [4–6, 12].

The proposed restoration algorithm requires no extra
information other than the available colour quantised image
Y and the colour palette to carry out the restoration. This
makes it always able to provide a reasonable restoration
performance irrespective of the colour quantisation scheme
with which it works.

Fig. 3 Thresholded CIELAB DE ð<3Þ maps of outputs of various approaches in restoring colour-quantised ‘Lenna’

Palette contains 256 colours and is obtained with octree algorithm [14]
a Proposed
b Galatsanos [4]
c Hunt [5]
d Kim [12]
e Altunbasak-IND [6]
f Altunbasak-KL [6]
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