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Abstract

This paper studies the restoration of color-quantized images. Restoration of color-quantized images is rarely

addressed in literature, and direct applications of existing restoration techniques are generally inadequate to deal with

this problem. In this paper, we propose a restoration algorithm for restoring color-quantized images. This algorithm

makes good use of the available color palette to derive useful a priori information for restoration. Simulation results

show that it can improve the quality of a color-quantized image remarkably in terms of both SNR and CIELAB color

difference metric. Its performance is obviously better than that of other conventional algorithms in the simulation.

r 2005 Elsevier B.V. All rights reserved.

Keywords: Image restoration; Color image processing; Color quantization; Regularization; Projection onto convex sets; Constrained
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1. Introduction

Color quantization is the process of reducing the
number of colors in a digital image by replacing
them with a representative color selected from a
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palette [1]. It is widely used nowadays as it lessens
the burden of massive image data on storage and
transmission bandwidth that are bottlenecks in
many multimedia applications.

A pixel of a full color image generally consists of
three color components. The intensity values of
these three components form a vector in a 3D
space. In color quantization, each pixel vector is
compared with a set of representative color
vectors, v̂i; i ¼ 1; 2; . . . ;Nc; which are stored in a
previously generated color palette. The best-
matching color is selected based on the minimum
Euclidean distance criterion, where the Euclidean
d.
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distance measure between vectors ~v1 and ~v2 is
defined as dð~v1;~v2Þ � k~v1 �~v2k:In other words, a
pixel vector~v is represented by color v̂k if and only
if dð~v; v̂kÞpdð~v; v̂jÞ for all j ¼ 1; 2; . . . ;Nc: Once the
best-matching colors for all pixel vectors of the
source image have been selected from the color
palette, the indices of the selected colors are
transmitted to the receiver with the color palette.
At the receiver, with the same color palette, the
color-quantized image can be reconstructed based
on the received indices.

Obviously, color quantization introduces distor-
tion to the original image. Sometimes it is
necessary to recover the original image from its
color-quantized version. Although there is an
amount of work in the literature on digital
restoration of noisy and blurred color images
[2–9], by far little effort has been seen in the
literature to address the restoration of color-
quantized images. The degradation models of the
two cases are completely different and hence a
direct adoption of conventional restoration algo-
rithms does not work effectively. This paper is
devoted to formulating the problem of color-
quantized image restoration and developing a
dedicated restoration algorithm for the restoration
of color-quantized images.

The organization of this paper is as follows:
first, we formulate the a priori information about
the degradation process of color quantization and
about the original image. We then present the
derivation of a restoration algorithm for restoring
color-quantized images. In Section 4, simulation
results and comparative study are provided to
evaluate the performance of the proposed algo-
rithm. Finally, conclusions are given in Section 5.
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Fig. 1. The local coordinate system associated with a Voronoi

region Rk :
2. Formulation of a priori information

Consider the case that image X is encoded as Y
by color quantization with a color palette C

containing Nc colors:

C ¼ fv̂i; i ¼ 1; 2; . . . ;Ncg. (1)

According to color quantization theory, the Nc

colors in the palette partition the whole color
vector space, say G; into Nc non-overlapped
Voronoi regions.

Let Rk ¼ f~vj~v 2 G and dð~v; v̂kÞpdð~v; v̂jÞ 8v̂j 2 C},
where v̂k 2 C; be a particular Voronoi region in
the R–G–B space as shown in Fig. 1. Here, we
assume that the maximum and the minimum
intensity values of each color component of a
pixel are, respectively, 1 and 0. 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 image X which
belong to Rk: All these pixels form a set of vectors
denoted as RkðX Þ:

Through a principal component analysis [10],
the three principal components of the elements in
f~v� v̂kj~v 2 RkðX Þg can be obtained. In the analysis,
we assume that the mean of ~v 2 RkðX Þ is v̂k: In
vector quantization, the codeword associated with
a Voronoi region is selected to be the mean of the
training vectors in the Voronoi region such that it
can be the best representative of the training
vectors in MSE sense [11]. Since training vectors
are considered to be typical examples of the input
vectors to be encountered, this assumption is
plausible. The three arrows marked in Fig. 1 show
the directions of the three principal components in
such a case and their intersection point corre-
sponds to v̂k: Accordingly, a local coordinate
system of Rk can be defined by using them as the
three axes.

Voronoi region Rk is then moved to align this
local coordinate system to the R–G–B coordinate
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system with a linear transformation Mk: Specifi-
cally, it is realized by

Mkð~vÞ ¼ Tkð~v� v̂kÞ for ~v 2 Rk, (2)

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

Akði; jÞ ¼
1

No;k

X
~v2RkðX Þ

ðvi � v̂k;iÞðvj � v̂k;jÞ

for i; j 2 f1; 2; 3g. ð3Þ

Here, No;k is the total number of vectors in RkðX Þ;
vi and vj are, respectively, the ith and the jth color
components of~v; and, v̂k;i and v̂k;j are, respectively,
the ith and the jth color components of v̂k; where
i; j 2 f1; 2; 3g: Here, the first, the second and the
third color components of a pixel correspond to its
red, green and blue components, respectively.
Note that Tk is actually the KL transform kernel
for the elements in f~v� v̂kj~v 2 RkðX Þg: 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 ~v 2 RkðX Þ; a correspond-
ing variance vector can be defined as

~sk ¼ ðs2
k;1;s

2
k;2;s

2
k;3Þ, (4)

where

s2
k;s ¼

1

No;k

X
~v2RkðX Þ

ð½Tkð~v� v̂kÞ�sÞ
2 for s 2 f1; 2; 3g.

(5)

Here, ½Tkð~v� v̂kÞ�s denotes the sth most significant
principal component of Tkð~v� v̂kÞ: Note s2

k;s is
actually the variance of the sth most significant
principal component of f~v� v̂kj~v 2 RkðX Þg:

In practice, X is not available and hence RkðX Þ

has to be estimated. Different approaches of
estimation provide different results. In our
approach, we blur the available Y; the color-
quantized image on hand, with a low pass filter
and then estimate RkðX Þ to be R0

kðX Þ ¼ f~vj~v 2 Rk

and ~v is a pixel in the blurred Yg: After obtaining
R0

kðX Þ; all RkðX Þ-dependent parameters such as
Akði; jÞ; Tk and ~sk can be approximated
with vectors in R0

kðX Þ instead of RkðX Þ: By doing
so, all these parameters are solely determined by
the available image Y and the color palette
which is attached with the image or known by
default. No extra information is required for their
estimation.

Let ~xm ¼ ðxm;r;xm;g;xm;bÞ
t and ~ym ¼

ðym;r; ym;g; ym;bÞ
t be the 3D vectors representing

the mth pixels of the original image X and the
encoded image Y; respectively. If v̂k 2 C is the
color used to represent ~xm; then we will have ~ym ¼

v̂k; and the distance between ~ym and ~xm will be
bounded by the boundary of the Voronoi region
Rk: More specifically, any particular principal
component of ~xm �~ym; say, ½Tkð~xm �~ymÞ�s; is also
bounded. In formulation, we have

ð½Tkð~xm �~ymÞ�sÞ
2pem;s, (6)

where em;s is the corresponding bound.
Since we have ~ym ¼ v̂k; the bound em;s can be

estimated to be a function of s2
k;s: By assuming that

em;s is proportional to s2
k;s; we have em;s ¼ Ks2

k;s;
where K is a constant. Note that this assumption
can easily be satisfied as long as K is sufficiently
large. In practice, by assuming a normal distribu-
tion, K � 10 is a reasonable estimate as the range
of ½�3sk;s; 3sk;s� covers more than 99% of the
possible values of ½Tkð~xm �~ymÞ�s:

The information carried by s2
k;s provides us an

important constraint to seek the original image X:
To formulate this constraint, we first rewrite Eq.
(6) as

o2
m;sð½Tkð~xm �~ymÞ�sÞ

2pK, (7)

where o2
m;s ¼ 1=s2

k;s: The overall distortion in Y

can then be described as

XN

m¼1

X3

s¼1

o2
m;sð½Tmð~xm �~ymÞ�sÞ

2p3NK � ed , (8)

where N is the total number of pixels of the
original image, and Tm is the KLT kernel
associated with the codeword used to represent~xm:

In matrix-vector formulation, we have

Jd � kATð~y�~xÞk2ped , (9)

where ~y ¼ ðy1;r; y1;g; y1;b; y2;r; . . . ; yN ;bÞ
t; ~x ¼

ðx1;r;x1;g; x1;b;x2;r; . . . ; xN ;bÞ
t; A is a 3N � 3N diag-

onal matrix whose diagonal elements are
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fo1;1;o1;2;o1;3;o2;1; . . . ;oN;1g and

T ¼

T1 0

T2

. .
.

0 TN

2
66664

3
77775. (10)

Typical images would generally have weak high-
frequency components as the intensity of neighbor-
ing pixels is highly correlated. This feature can be
exploited as an additional a priori information in the
restoration of color-quantized images. To incorpo-
rate this information into restoration, we assume
that the total energy of the high-frequency compo-
nents of a particular image color plane, say Xc; is
bounded. In formulation, the smoothness constraint
for the restored image can be described by

Js �
X3

c¼1

kHMc~xk
2=esc

p3, (11)

where esc
is the upper energy bound of the high-

frequency components of Xc; H is a linear highpass
operator, which is generally a spatial 2D Laplacian
filter, and Mc is a N � 3N matrix whose element is
defined as

Mcði; jÞ ¼
1 if j ¼ 3i � 3 þ c

0 else

(

for i ¼ f1; . . . ;Ng and c ¼ 1; 2; 3. ð12Þ

Note M1~x; M2~x and M3~x are, respectively, the
lexicographically ordered red, green and blue color
planes of X:
3. Formulation of restoration algorithm

Based on the a priori information concerning
the color quantization process and the original
image, two constraint sets have been defined for
the restoration of color-quantized images. By
assuming that constraints (9) and (11) are equally
important, the restored image can then be
obtained by minimizing the objective function

Jð~x0Þ ¼ kATð~y� ~x0Þk2 þ
X3

c¼1

ackHMc
~x0k2, (13)
where ~x0 is the estimate of ~x and ac ¼ ed=3esc
[12].

The minimization of Jð~x0Þ with respect to ~x0 leads
to the normal equation

TtAtATþ
X3

c¼1

acM
t
cH

tHMc

 !
~x0 ¼ TtAtAT~y.

(14)

In practice, an iterative technique is applied to
successively approximate the solution. Different
iterative algorithms can be formulated with
different techniques. When the steepest descent
method [13] is used, it results in the following
iteration for the restoration solution:

~x0ðkþ1Þ ¼ ~x0ðkÞ þ b TtAtATð~y� ~x0ðkÞÞ

(

�
X3

c¼1

acM
t
cH

tHMc
~x0ðkÞ

)
, ð15Þ

where k is the iteration index (k ¼ 0; 1; 2; . . .) and b
is the relaxation parameter. A sufficient condition
for the convergence of this iteration is

0obo2=lmax, (16)

where lmax is the largest eigenvalue of matrix
ðTtAtATþ

P3
c¼1acM

t
cH

tHMcÞ [14].
In order to make sure that the color-quantized

output of the estimate is ~y; iteration (15) is
modified to be

~x0ðkþ1Þ ¼ P ~x0ðkÞ þ b TtAtATð~y� ~x0ðkÞÞ

("

�
X3

c¼1

acM
t
cH

tHMc
~x0ðkÞ

)#
, ð17Þ

where P½�� is a projection defined as

P : ~x0m ¼
~x0m if Q½~x0m� ¼~ym;

~ym else;

(
8m, (18)

where ~x0m is the current estimate of ~xm and Q½�� is
the color quantization operator. Since P½��

is a projection onto a closed convex set, the
convergence of iteration (17) can also be guaran-
teed as long as (16) is satisfied [15]. It is common to
set the initial estimate ~x0ð0Þ to be ~y: A direct
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implementation of iteration (17) takes 75N multi-
plications and 69N additions.

Parameters ac should be determined prior to
performing the iteration. Recall that parameter ac

is defined as ðNKÞ=esc
; where esc

is the bound of
the smoothness constraint set defined in (11), N is
the image size, and K is a constant to make (6)
hold. In practice, since image X is unavailable, we
set esc

to be K0
kHMc~yk

2; where K0 is a tuning
parameter for image smoothness. As for K; as we
have mentioned previously, K ¼ 10 is a reason-
able estimate.

We note here that the iteration given in Eq. (15)
is derived with the steepest descent method [13].
The convergence speed of this method is slow. To
improve the efficiency, one can make use of some
conjugate direction methods such as the conjugate
gradient method [13] to derive another iteration
algorithm. In this paper, only the approach using
the steepest descent method is presented as the
focus of the paper is on the restoration perfor-
mance.

In this paper, the proposed algorithm is
formulated in R–G–B space. This is based on the
observation that a palette for a video color display
is usually defined in R–G–B space and the color
space associated with a video color display is
generally R–G–B. The algorithm can also be
formulated in other color spaces such as Y–I–Q
space with a similar approach presented in the
paper.
4. Performance evaluation

Simulation has been carried out to evaluate the
performance of the proposed algorithm on a set of
color-quantized images. In our simulation, a
number of 24-bit full color test images were first
color-quantized with a color palette of 256 colors.
In our study, three color palettes were generated
with median cut algorithm [16], octree algorithm
[17] and variance-based algorithm [18], respec-
tively. They were used to investigate if the
proposed algorithm worked with inputs obtained
with different color palettes. The test images
applied were a set of de facto standard 24-bit full
color images of size 256 � 256 each.
The proposed restoration algorithm was applied
to restore the color-quantized images. In the
realization of the proposed algorithm, the ob-
served color image Y was blurred with a lowpass
filter to generate a training set to estimate Tk and
~sk: Both Gaussian and average filters of size 3 � 3
and 5 � 5 were tried in our simulations to study
the influence of filter type and filter support to the
restoration performance. It was found that their
performance were more or less the same. In this
paper, only the results obtained by using a 3 � 3
average filter is presented. K0 was assigned to be
0.5 and H was a 3 � 3 Laplacian filter defined as
½0;�1; 0;�1; 4;�1; 0;�1; 0�: Iteration terminated
when jj~x0ðkþ1Þ � ~x0ðkÞjj

2=jj~x0ðkÞjj
2o10�6 was satis-

fied.
By considering that the extreme case happens

when the whole color space is uniformly parti-
tioned into slices of equal width and that colors are
uniformly distributed in the color space, the lower
bound of s2

k;s is set to be 1
12
ð1=NcÞ

2; where Nc is the
total number of colors in the palette.

Some other restoration algorithms which were
originally proposed for restoring noisy and blurred
color images were also evaluated for comparison.
They were simulated here for comparative study as
few schemes had been proposed for restoring
color-quantized images and they are typical
examples of the type [2–9]. In particular, Galatsa-
nos’s algorithm [6] is based on the constrained
least square approach and Hunt’s algorithm [7] is
based on Wiener filtering. Two algorithms were
presented in Altunbasak’s work [8]. One makes use
of the correlation among the color components of
a pixel while the other one does not during the
restoration. They are, respectively, referred to as
KL and IND in [8]. Both algorithms take the
colorimetric aspects into account and try to
minimize the error in CIELAB space [19]. Kim’s
Algorithm [20] was designed for restoring vector
quantized image and it was realized for compar-
ison here due to that the problem nature of vector
quantization is similar to color quantization.

In realizing Galatsanos’s algorithm [6], the noise
power of each channel was estimated with the
original full-color image. In realizing Hunt’s
algorithm [7], three separate Wiener filters were
used in three different channels and, during the
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design of the filters, the noise spectrum of each
channel was estimated with the original full-color
image. Similarly, the original full-color image was
used to estimate the power spectra of different
channels in realizing Altunbasak’s algorithms [8].
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 [6–8]
may not be as good as those presented in this
paper. In realising Kim’s algorithm [20], the
blurred version of the observed image was used
as the training set and the projection ratio Z was
set to be 0.05. As it is not necessary to use the
original full-color image to extract information for
the realization of Kim’s algorithm [20] and the
proposed algorithm, additional credit should be
added to the simulation results of these algorithms
indeed.

There could be some other approaches to
restore a color-quantized image. For instance,
one can use some training images to pre-train a
linear prediction filter and then use the trained
filter to restore a color-quantized image later on.
Chang’s and Mese’s algorithms are typical exam-
ples of this approach [21,22], though they are
actually algorithms for restoring binary halftoned
images instead of color-quantized images.
Specifically, the former trains the filter with a
LMS adaptive filtering algorithm while the
latter does it with a best linear estimator. These
algorithms were also evaluated in our study for
comparison. However, they were modified to
handle color-quantized images. Since these
algorithms assumes bilevel halftones as input,
the number of input patterns appeared in the
filter support is expected to be very limited and
hence they try to construct a lookup table with the
training images to reduce the computation effort
with a table lookup technique in future restora-
tion. This is not practical when the input is a color-
quantized image. Accordingly, we dropped this
part in our simulations. Standard images Fruits

and Peppers, and their corresponding color-
quantized outputs, were used for training in
realizing Chang’s and Mese’s algorithms.

Table 1 shows the SNR improvement (SNRI)
achieved by different algorithms. Mathematically,
the SNRI is defined as

SNRI ¼ 10 log
kX� Yk2

kX� X0k2
, (19)

where X; Y and X0 are the original, the color-
quantized and the restored images, respectively.

From Table 1, one can see that the performance
of the proposed algorithm is better as compared
with the others and it is consistent even though the
input is color-quantized with different color
palettes. Two schemes of the proposed algorithm
were evaluated and their results are presented in
the table. Scheme A uses the observed Y as the
initial estimate in the realization of iteration (17)
while Scheme B uses a blurred Y: Specifically, the
blurred Y was obtained by filtering Y with a 3 � 3
Gaussian filter.

On average, by applying Scheme A of the
proposed algorithm to restore the color-quantized
images, a SNRI of 2.0 dB, a SNRI of 2.0 dB
and a SNRI of 1.1 dB in image quality were,
respectively, achieved for inputs color-quantized
with median-cut [16], octree [17] and variance-
based algorithms [18]. Note the improvements
with respect to the second best algorithm are,
respectively, 0.72, 0.68 and 0.54 dB for different
types of input. When Scheme B of the proposed
algorithm was used, the restoration performance
was even better when the color-quantized inputs
were obtained with a median cut algorithm [16] or
an octree algorithm [17]. There was a little drop in
the performance when the color-quantized inputs
were obtained with a variance-based algorithm
[18]. However, its performance still outperformed
the others.

Tables 2 and 3 show the performance of the
evaluated algorithms in terms of the CIELAB
color difference ðDEÞ metric. The CIELAB color
difference ðDEÞ metric is defined as the Euclidean
distance between the original color of a pixel and
its reproduction in CIELAB color metric space

[19]. In formulation, we have DE ¼ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðDLÞ2 þ ðDaÞ2 þ ðDbÞ2

q
; where DL; Da and Db

represent the difference in L; a and b values
of the colors. The L; a and b values of a color are,

respectively, defined as L ¼ 116ðY=Y nÞ
1=3

� 16;
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Table 1

SNR improvements of various algorithms in restoring images color-quantized with (a) median cut algorithm [16], (b) octree algorithm

[17], and (c) variance-based algorithm [18]

SNR improvement (dB)

Galatsanos Hunt Altunbasak [8] Kim Mese Chang Proposed

[6] [7] IND KL [20] [22] [21] SchemeA Scheme B

(a)

Baboon 0.2082 0.2381 0.6678 0.6302 0.5558 �1.1673 0.1737 1.0313 1.0588

Boat 0.1985 0.3990 1.0932 1.0244 0.6423 0.6611 �0.6937 1.6678 1.8548

Couple 0.4932 1.1115 1.5100 1.4709 0.6700 1.7842 0.0949 2.2979 2.3840

Fruits 0.3048 0.8707 0.8959 0.6666 0.8438 0.7930 �0.0569 2.2209 3.0551

Girl 0.4993 1.0614 1.9525 1.9037 0.8186 2.1615 0.6053 2.7451 2.6816

Lenna 0.3881 1.4077 1.6075 1.6334 0.9283 1.1651 �0.0913 2.5159 3.1592

Peppers 0.1881 1.5510 2.1667 2.1799 0.9787 2.1976 0.4693 3.2713 3.9301

Tiffany 0.1744 0.2217 0.9405 0.8640 0.7539 �0.3670 �1.3948 1.4691 2.0945

Wine 0.0516 0.1304 0.9403 0.9846 0.7118 0.6324 �0.6235 1.6176 2.0908

Cycles 0.1333 1.2146 1.4514 1.3206 0.5573 �0.9133 �1.6107 1.5446 2.5069

Average 0.2639 0.8206 1.3226 1.2678 0.7461 0.6947 �0.3128 2.0381 2.4816

(b)

Baboon 0.1592 0.6033 0.9306 0.8715 0.5567 �0.6193 0.3205 1.0728 1.0100

Boat 0.2956 0.1443 1.0104 0.8662 0.6533 0.3747 �1.1013 1.4712 1.5766

Couple 0.5472 0.8953 1.3941 1.1468 0.7507 1.7055 0.0233 2.1436 2.1747

Fruits 0.1269 0.9274 0.8008 0.3399 0.8560 0.8228 �0.1856 2.2235 3.0747

Girl 0.6852 1.2057 2.1050 2.0058 0.8837 2.3444 0.7137 2.8174 2.7059

Lenna 0.3493 0.8224 1.2142 1.0759 0.8824 0.4260 �0.9558 2.1136 2.6365

Peppers 0.3453 1.4042 2.1813 2.0777 0.9802 2.1482 0.3870 3.3549 4.1353

Tiffany 0.3020 0.5585 1.4366 1.5018 0.7773 0.0270 �1.5021 2.1900 2.5674

Wine 0.3515 0.2716 1.2461 1.1271 0.7737 0.7294 �0.7874 1.7390 2.1415

Cycles 0.2109 0.9742 1.1289 0.9894 0.4232 �1.0389 �1.8684 1.2543 1.4674

Average 0.3373 0.7807 1.3648 1.2002 0.7537 0.6920 �0.4956 2.0480 2.3490

(c)

Baboon 0.0863 �0.8568 0.1385 �0.0289 0.3280 �2.5053 �0.6757 0.5157 0.1362

Boat 0.1207 �0.4015 0.4477 0.2638 0.4154 �0.8065 �2.1570 0.9142 0.6830

Couple 0.2153 �0.5593 0.4139 0.2526 0.3950 0.4002 �1.1990 1.1366 0.7293

Fruits 0.0922 �0.0253 0.3619 �0.1167 0.6532 �1.0883 �1.8401 1.2524 1.5620

Girl 0.2363 �0.4886 0.5145 0.4136 0.5165 0.9527 �0.2017 1.3670 0.7502

Lenna 0.1469 �0.1774 0.3628 0.1487 0.5166 �0.7980 �2.0818 1.0323 0.9595

Peppers 0.1363 0.5690 1.2057 1.0753 0.7137 1.1771 �0.6313 2.0731 2.1448

Tiffany 0.1580 �0.4843 0.6149 0.5566 0.4842 �2.2019 �3.4499 0.9403 0.8593

Wine 0.1088 �0.2292 0.7553 0.6278 0.5485 �0.6545 �2.2238 1.2050 1.1415

Cycles 0.1066 �0.2342 0.7348 0.6233 0.3632 �2.6424 �3.1530 0.7915 0.8799

Average 0.1407 �0.2893 0.5850 0.3816 0.4934 �0.8167 �1.7613 1.1228 0.9846
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a ¼ 500½ðX=X nÞ
1=3

� ðY=Y nÞ
1=3

� and b ¼

200½ðY=Y nÞ
1=3

� ðZ=ZnÞ
1=3

�; where X ; Y and Z

are defined according to the color’s red (R), green
(G) and blue (B) components as
X

Y

Z

0
B@

1
CA ¼

0:4303 0:3416 0:1784

0:2219 0:7068 0:0713

0:0202 0:1296 0:9393

0
B@

1
CA

R

G

B

0
B@

1
CA

(20)
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Table 2

CIELAB difference DE measurement of the outputs of various algorithms in restoring images color-quantized with (a) median cut

algorithm [16], (b) octree algorithm [17] and (c) variance-based algorithm [18]

Average of CIELAB difference DE

Input Y Restored image

Galatsanos Hunt Altunbasak [8] Kim Mese Chang Proposed

[6] [7] IND KL [20] [22] [21] Scheme A Scheme B

(a)

Baboon 3.8271 3.7852 3.5682 3.4950 3.5002 3.7238 3.4496 3.6058 3.4851 3.3999

Boat 3.5413 3.5091 3.2857 3.1313 3.1432 3.4094 3.0860 3.3955 3.1223 3.0037

Couple 7.0907 6.8206 6.1153 6.3761 6.3850 6.7513 6.1148 6.4367 5.8507 5.4060

Fruits 2.6968 2.6651 2.4459 2.4196 2.4363 2.5887 2.4093 2.5613 2.2958 2.1817

Girl 5.9561 6.0030 5.2304 5.1310 5.1466 5.6240 5.1419 5.4781 4.8609 4.5851

Lenna 2.6766 2.5915 2.2659 2.2882 2.2897 2.5531 2.3343 2.5359 2.1605 2.0748

Peppers 4.0172 4.0420 3.7577 3.6311 3.6303 3.8058 3.4798 3.8771 3.2641 3.0765

Tiffany 1.3160 1.2974 1.2468 1.1754 1.1778 1.2607 1.2386 1.2881 1.1620 1.1076

Wine 4.2157 4.2559 4.2600 3.8648 3.8620 4.0077 3.8012 3.9935 3.7326 3.5669

Cycles 4.7788 4.7711 4.1709 4.1886 4.2097 4.6213 4.2765 4.5756 4.0683 3.8300

Average 4.0116 3.9741 3.6347 3.5701 3.5781 3.8346 3.5332 3.7748 3.4002 3.2232

(b)

Baboon 3.9743 3.9381 3.6654 3.5961 3.6072 3.8698 3.5488 3.7527 3.6490 3.5460

Boat 3.3683 3.3237 3.1713 3.0294 3.0436 3.2626 2.9865 3.2690 3.0235 2.9491

Couple 6.0473 5.9530 5.9193 5.7894 5.8212 5.8641 5.4955 5.7416 5.4088 5.2330

Fruits 2.8303 2.8084 2.5729 2.5466 2.5836 2.7366 2.5591 2.7388 2.4260 2.3138

Girl 5.3507 5.2992 5.1688 4.8127 4.8270 5.1397 4.7698 5.0560 4.5897 4.4641

Lenna 2.2740 2.2301 2.0712 2.0417 2.0563 2.1950 2.0617 2.2336 1.9685 1.9003

Peppers 4.3351 4.2590 4.1693 3.9921 4.0101 4.2318 3.9336 4.2999 3.7224 3.6219

Tiffany 1.6494 1.6091 1.5076 1.4414 1.4346 1.5854 1.5275 1.6187 1.4004 1.3319

Wine 3.9534 3.9165 3.8945 3.5780 3.5902 3.7899 3.5957 3.8389 3.4764 3.3332

Cycles 4.8500 4.8214 4.3412 4.3300 4.3638 4.7673 4.4801 4.7325 4.3141 4.1666

Average 3.8633 3.8158 3.6482 3.5157 3.5338 3.7442 3.4958 3.7282 3.3979 3.2860

(c)

Baboon 3.2749 3.2610 3.3474 3.1252 3.1373 3.2213 3.1597 3.1910 3.1579 3.1595

Boat 2.7309 2.7168 2.7681 2.5859 2.6023 2.6688 2.5735 2.7628 2.5750 2.5681

Couple 4.4733 4.4430 5.0018 4.5441 4.5505 4.3923 4.1815 4.3291 4.2086 4.1742

Fruits 1.8445 1.8343 1.7912 1.7350 1.7540 1.7951 1.7351 1.8369 1.6839 1.6380

Girl 4.1155 4.1346 4.4930 4.0891 4.0852 4.0110 3.8749 3.9696 3.8595 3.8750

Lenna 1.9035 1.8859 1.8714 1.8037 1.8265 1.8591 1.8336 1.9390 1.7644 1.7614

Peppers 3.2772 3.2742 3.3377 3.2156 3.2326 3.1924 3.0468 3.3287 2.9834 2.9393

Tiffany 1.0704 1.0587 1.0788 1.0063 1.0062 1.0416 1.0848 1.1072 0.9927 0.9904

Wine 2.9330 2.9178 3.1294 2.8089 2.8155 2.8627 2.7869 2.9859 2.7036 2.6710

Cycles 3.5424 3.5450 3.2745 3.2218 3.2564 3.4711 3.3268 3.5221 3.1968 3.1323

Average 2.9166 2.9071 3.0093 2.8136 2.8266 2.8515 2.7604 2.8972 2.7126 2.6909
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ðX n;Y n;ZnÞ denotes the ðX ;Y ;ZÞ that corre-
sponds to a white point. It is well accepted that a
rule of thumb for visually detectable color errors is
DE43 [8,23]. 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 color
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Table 3

Percentage of pixels whose CIELAB difference is not detectable ðDEo3Þ after restoration when testing images were color-quantized

with (a) median cut algorithm [16], (b) octree algorithm [17] and (c) variance-based algorithm [18]

% of pixels whose CIELAB DEo3

Input Y Restored image

Galatsanos Hunt Altunbasak [8] Kim Mese Chang Proposed

[6] [7] IND KL [20] [22] [21] Scheme A Scheme B

(a)

Baboon 44.67 44.30 49.53 49.32 49.29 45.44 49.77 47.33 49.68 51.41

Boat 52.96 52.80 57.04 58.38 58.13 54.06 58.38 54.07 58.14 60.11

Couple 18.59 19.45 25.40 25.99 25.85 19.40 24.83 21.05 27.58 29.42

Fruits 72.24 72.04 76.47 76.26 75.99 73.14 76.12 73.48 77.88 79.27

Girl 29.02 30.04 32.98 35.49 35.38 30.46 34.53 31.11 37.71 38.85

Lenna 66.65 67.58 75.55 74.90 74.86 68.68 73.86 69.44 77.81 79.48

Peppers 47.05 46.11 52.82 55.60 55.62 49.68 56.00 49.59 60.31 63.77

Tiffany 95.30 95.28 95.24 96.22 96.23 95.52 95.84 95.58 96.23 96.45

Wine 44.53 44.04 48.64 49.12 49.16 45.82 48.53 46.18 49.01 51.90

Cycles 37.78 37.45 44.14 45.52 45.19 38.53 42.66 38.88 46.27 49.99

Average 50.88 50.91 55.78 56.68 56.57 52.07 56.05 52.67 58.06 60.07

(b)

Baboon 38.42 38.10 45.37 43.98 43.84 39.17 44.61 40.87 42.90 30.31

Boat 54.96 54.77 58.58 59.92 59.72 55.68 60.02 55.59 59.51 60.79

Couple 20.07 20.65 24.26 25.09 24.69 20.95 24.51 21.96 25.66 26.97

Fruits 65.11 64.60 71.99 71.41 70.63 66.19 69.87 66.16 73.43 76.29

Girl 26.68 26.79 31.18 33.62 33.43 28.45 32.89 28.80 36.02 37.64

Lenna 76.62 76.91 80.67 81.68 81.32 77.80 81.29 77.54 83.12 84.04

Peppers 42.75 42.74 47.41 50.03 49.77 44.04 48.29 44.45 53.14 55.58

Tiffany 92.73 93.27 93.66 95.33 95.62 93.62 94.35 93.47 95.95 96.23

Wine 49.03 48.74 48.73 51.08 50.98 49.48 51.51 48.85 52.48 55.07

Cycles 40.48 40.16 45.25 46.13 45.58 41.19 43.91 41.05 47.11 50.39

Average 50.69 50.67 54.71 55.83 55.56 51.66 55.13 51.87 56.93 57.33

(c)

Baboon 54.48 53.63 54.38 57.31 56.95 54.70 56.12 55.80 56.12 56.39

Boat 64.38 63.73 64.56 67.01 66.69 64.70 67.31 63.72 66.72 66.83

Couple 36.80 36.47 33.82 37.30 37.19 37.37 39.84 37.26 39.78 39.31

Fruits 83.91 83.58 84.68 85.06 84.81 84.02 85.54 83.60 85.62 86.26

Girl 47.90 46.82 42.03 46.74 46.82 48.67 49.60 48.64 50.30 49.16

Lenna 85.00 84.78 84.42 85.94 85.41 85.03 85.29 83.81 86.66 86.33

Peppers 61.48 60.70 61.42 63.73 63.53 62.37 65.29 61.10 66.81 67.70

Tiffany 97.81 97.75 97.32 97.87 97.91 97.83 97.29 97.41 97.94 97.94

Wine 59.98 59.49 58.06 61.60 61.48 60.12 62.23 58.30 62.60 63.63

Cycles 56.32 55.43 59.36 60.04 59.51 56.83 59.07 56.37 61.71 62.97

Average 64.81 64.24 64.01 66.26 66.03 65.16 66.76 64.60 67.43 67.65

Y.-H. Chan, Y.-H. Fung / Signal Processing 85 (2005) 1375–1387 1383
error is not visually detectable in a restoration
output. Again, one can see that the proposed
algorithm is superior to the others no matter
which color palette is used to color-quantize the
testing inputs. With this metric, it can be found
that scheme B of the proposed algorithm is
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always better than scheme A no matter which
color-quantization algorithm is used to generate
the inputs. Based on the observations we have in
the Tables, it is recommended to use scheme B
instead of scheme A in restoring a color-quantized
image.

Another finding is that variance-based algo-
rithm [18] is better than median-cut [16] and octree
[17] algorithms to generate a palette for a given
image. Images color-quantized with the palettes
generated with variance-based algorithm [18] are
of better image quality in terms of both SNR and
CIELAB DE metric. In such cases, the distortion
introduced by the color quantization is compara-
tively little and hence the improvement that can be
achieved is little. That explains why the improve-
ment achieved for these images was typically less
as shown in Tables 1–3. From another point of
view, to a certain extent, it is more difficult to
detect the distortion in Y and restore it appro-
priately. One can see that some restoration
algorithms may even distort the image further
after the restoration.

Fig. 2 shows the restoration results of different
algorithms for visual evaluation. Fig. 2b is the
color-quantized version of Fig. 2a. The palette was
generated with median-cut algorithm. One can see
the false contour and the color shift in the bikes.
After restoration, the proposed algorithm removes
most of the artifacts while some of the others
cannot do the job. Scheme B of the proposed
algorithm provides a better visual result as
compared with scheme A and is the best among
the algorithms.

In the proposed algorithm, ~sk is estimated with
the blurred Y instead of the original X: A study
was performed to study how well this estimation
could be done. In our study, the used measure was
normalized weighted error (NWE) and it is defined
as

NWE ¼

PNc

k¼1wkk~s
00
k �~s0kk

2PNc

k¼1wkk~s
00
kk

2
� 100%, (21)

where~s00k and~s0k are, respectively, the~sk’s obtained
with X and the blurred Y; and wk is the number of
v̂k found in Y: Table 4 shows the NWEs when
different testing images and their corresponding
color-quantized Y’s were used. On average, it is
around 0.08. Besides, it was found that the impact
of the difference between ~s00k and ~s0k to the final
restoration result was little. The corresponding
difference of the results is less than 0.1 dB in SNRI
on average.
5. Conclusions

By far, very little research has been carried out
to address the restoration of color-quantized
images. Though there are some restoration algo-
rithms for restoring blurred and noisy color
images, they are generally not adequate to handle
color-quantized images. In this paper, we pro-
posed a dedicated restoration algorithm for
restoring color-quantized images. This algorithm
makes good use of the color palette to derive
useful a priori information for restoration. It has
been demonstrated by simulation results that the
proposed algorithm can achieve a remarkable
improvement in the quality of a color-quantized
image in terms of both SNR and CIELAB color
difference (DE) metric. Its performance is ob-
viously better than other existing restoration
approaches such as [6–8,20].

The proposed restoration algorithm requires no
extra information other than the color palette to
carry out the restoration. Besides, it is not tailor-
made for a particular color quantization scheme
and hence no a priori knowledge about the
construction of the color palette is required
during the restoration. This makes it always
able to provide a reasonable restoration perfor-
mance whatever color quantization scheme with
which it works. Simulation results verifies that this
is true.

In the proposed algorithm, a linear filter is used
to introduce a priori smoothness constraints on
the original image. It is possible to use a nonlinear
filter to avoid oversmoothing the edges in the
restored result. However, the introduction of
nonlinear operator in the objective function
complicates the solution and makes it difficult to
control the convergence of the corresponding
iterative algorithm. This topic is still under
investigation.
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Fig. 2. Zoomed outputs of various approaches in restoring color-quantized Cycles.
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Fig. 2. (Continued)
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Table 4

Discrepancy measured when ~sk is evaluated with the blurred

observed image instead of the original image

NWE (%)

Median-cut [16] Octree [17] Variance-based [18]

Baboon 3.145 3.591 5.259

Boat 9.827 6.136 7.803

Couple 8.489 7.778 7.986

Fruits 8.564 10.497 8.282

Girl 7.129 6.454 8.385

Lenna 5.149 6.641 12.508

Peppers 8.166 7.316 8.271

Tiffany 13.628 7.027 12.278

Wine 8.422 4.880 4.199

Cycles 5.902 6.636 6.972

Average 7.842 6.695 8.194

Y.-H. Chan, Y.-H. Fung / Signal Processing 85 (2005) 1375–1387 1387
References

[1] M.T. Orchard, C.A. Bouman, Color quantization of

images, IEEE Trans. Signal Process. 39 (12) (December

1991) 2677–2690.

[2] M. Barni, V. Cappellini, L. Mirri, Multichannel m-filtering

for color image restoration, Proceedings of the IEEE

ICIP’2000 1 (2000) 529–532.

[3] N. Kaulgud, U.B. Desai, Restoration of color images

subjected to interchannel blurring, Proceedings of the

IEEE ISCAS’99 4 (1999) 72–75.

[4] G. Angelopoulos, I. Pitas, Multichannel Wiener filters in

color image restoration, IEEE Trans. CASVT 4 (1)

(February 1994) 83–87.

[5] N.P. Galatsanos, R.T. Chin, Digital restoration of multi-

channel images, IEEE Trans. ASSP 37 (March 1989)

415–421.

[6] N.P. Galatsanos, A.K. Katsaggelos, R.T. Chin, A.D.

Hillery, Least squares restoration of multichannel images,

IEEE Trans. Signal Process. 39 (10) (October 1991)

2222–2236.

[7] B.R. Hunt, O. Kubler, Karhunen–Loeve multispectral

image restoration: Part 1: Theory, IEEE Trans. on ASSP

32 (3) (June 1984) 592–600.
[8] H. Altunbasak, H.J. Trussell, Colorimetric restoration of

digital images, IEEE Trans. Image Process. 10 (3) (March

2001) 393–402.

[9] N.P. Galatsanos, R.T. Chin, Restoration of color images

by multichannel Kalman filtering, IEEE Trans. Signal

Process. 39 (10) (October 1991) 2237–2252.

[10] I.T. Jolliffe, Principal Components Analysis, Springer,

New York, 1986.

[11] A. Gersho, R.M. Gray, Vector Quantization and Signal

Compression, Kluwer Academic Press, Dordrecht, MA,

1990.

[12] A.N. Tikhonov, V.Y. Arsenin, Solutions of Ill-posed

Problems, Wiley, New York, 1977.

[13] S.F. Gilyazov, N.L. Gol’dman, Regularization of Ill-posed

Problems by Iteration Methods, Kluwer Academic Pub-

lishers, Dordrecht, 2000.

[14] R.W. Schafer, R.M. Merserau, M.A. Richards, Con-

strained iterative restoration algorithms, Proc. IEEE 69

(4) (1981) 432–450.

[15] J. Biemond, R.L. Lagendijk, R.M. Mersereau, Iterative

methods for image deblurring, Proc. IEEE 78 (5) (May

1990) 856–883.

[16] P. Heckbert, Color image quantization for frame buffer

display, Comput. Graph. 16 (3) (1982) 297–307.

[17] M. Gervautz, W. Purgathofer, A simple method for color

quantization: octree quantization, Graphics Gems, Aca-

demic Press, New York, 1990, pp. 287–293.

[18] S.J. Wan, P. Prusinkiewicz, S.K.M. Wong, Variance-based

color image quantization for frame buffer display, Color.

Res. Appl. 15 (1990) 52–58.

[19] C.I.E. Recommendations on uniform color spaces, color

difference equations, psychometric color terms, Supple-

ment No. 2 to CIE Publication No.15 (E.-1.3.1), 1971/(TC-

1.3.), (1978).

[20] D.S. Kim, S.H. Park, Postprocessing for vector-quantized

images based on projection onto hypercubes, IEEE Trans.

CASVT 11 (7) (July 2001) 802–814.

[21] P.C. Chang, C.S. Yu, T.H. Lee, Hybrid LMS-MMSE

inverse halftoning technique, IEEE Trans. Image Process.

10 (1) (January 2001) 95–103.

[22] M. Mese, P.P. Vaidyanathan, Look-up table (LUT)

method for inverse halftoning, IEEE Trans. Image

Process. 10 (10) (October 2001) 1566–1578.

[23] C. Connolly, T.W.W. Leung, J. Nobbs, Colour measure-

ment by video camera, J. Soc. Dyers Colour 111 (1995)

373–375.


	A regularized constrained iterative restoration algorithm for restoring color-quantized images
	Introduction
	Formulation of a priori information
	Formulation of restoration algorithm
	Performance evaluation
	Conclusions
	References


