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ABSTRACT produce sparse distributions of their wavelet coefficients, i.e.,

H1eir energy is mostly concentrated in a small proportion of

We propose a new color de-quantizing method for palette o ) .
images based on maximizing the sparseness of the overcor%qeﬁ'c'.ents [6]. _Th|s knowledge has k_)een often mcorp_ora_lted
to the image prior by using Generalized Gaussian distribu-

plete wavelet analysis of the estimation within the consistency,

) . B ons (GGD) with exponenp to characterize the wavelet
set defined by the observation. The sparsity is enforced by e )
minimizing the ¢y-norm of the coefficients of the wavelet 'SSPONSe (€.9. [7, 8]). Within GGDs, convex versigns:(1)

analysis representation. The resulting method iterates bg_ave been tradltlpnally more popular because global mint-

tween hard-thresholding of the linear response of currerf = “&" be achieved efficiently. However, local solutions

estimate and a new proposed consistency projection onto t jth notn-conv%x %GttD pI’IOl’fSD(§ P < 1_) havgdbeen rec?cr_nly

Voronoi cells defined by color quantization. Results indicate® 'OWN 0 provide betier performance ina wide range otimage
rocessing applications (e.qg., [9, 10]).

that our method outperforms those based on linear diffusioR X . .
This paper proposes a new color image de-quantizing

and minimization of;-norm. method based on maximizing the sparseness in the overcom-
plete wavelet linear representation of images consistent with
1. INTRODUCTION the observation. The sparsity is enforced by using a GGD
o ] rior with p = 0 for the coefficients of the wavelet analysis
Color quantization reduces the number of colors in @ RGRgpresentation. The resulting method iterates between hard-
image by replacing each of them with that color from a givery,esholding of the linear response of the current estimate
representative set (palette) which minimizes some distancg, 4 5 new proposed consistency projection onto the Voronoi

measure. We call de-quantizing to the process of estimatinggis defined by color quantization. Through real examples,

the original image from a quantized version. Usually, the areqits indicate that our proposed method outperforms those

tifacts derived from quantization are close or even below thg ;<ad on linear diffusion strategies and also methods based
visibility threshold, but they can become evident in a num-y, minimization oft,-norm.
ber of situations. For example, if the local luminance range is
stretched for detail inspection, or as a previous step for blurred
image restoration when the main source of noise is quantiza-

tion. It can be also used previously to feature extraction, like

the gradient of the luminance. Let X be an original RGB image of siz&¥ x 3, where each

De-quantizing in a transformed domain has been widely. . . .
. . : column is a lexicographically ordered color channel. We de-
approached, specially in the context of post-processing com-

) noteX; to the color vector at théth pixel of X. We denote
presseq 'mages (e_.g., [2. 3]). .Only recently thgre ha_s be to the pallete, which is & x 3 matrix whereC representa-
a growing Interest in approaching the probller_n in the 'MaY%ye colors are étored. Given some distance measijtep)
domain. Up to our knowledge, C“rTe”‘ eX|st|qg techmqlf'e%etween two colora andb (e.g., Euclidean distance) tr’1en
for color de-quantizing are_based n constra!ned dlfoSIor{he color space is partitioned int non-overlapped Voronoi
(e.g., [4, 5]). However, this type of strategies, although

resulting in efficient algorithms, are too simple to providereglons{vpk}"”‘:1""’C’ each one defined as:
satisfactory results. It is known that natural images typlcaIIyVPk = {X; € R®*: d(X;,P}) < d(X;,Pp)Vm=1,...,C}
This work has been supported by the Spanish research programme Ca

solider Ingenio 2010: MIPRCV (CSD2007-00018) and the Ministerio de £o.Then, the observed imag¥ is obtained byY = f(X),
ucacion y Ciencia under contract TIN2007-65533. where eacty(X;) = Py if X; € Vp, . Note that each color

2. COLOR DEQUANTIZING BY SPARSE AND
CONSISTENT APPROXIMATION




Y; corresponds to the centroid of a Voronoi region. 3. ABLOCK COORDINATE DESCENT APPROACH

It is easy to see that minimizing the cost function of Eq. (1)
in A for a givenX results in the hard-thresholding &x.,
Given an observedy’, we can define the consistency setfor each¢, with threshold) = A~z (e.g. [9, 10]), which con-
R(Y,P,d) as all those imageX where the colors at each sists of setting to zero all coefficients #'x whose ampli-
pixel X, belongs to the Voronoi region (defined by paldite tude is below the threshold. We nd8é¢)®'x to this opera-

2.1. Consistency with observation

and distance) centered al;: tion, whereS(#) is aM x M diagonal matrix whose entries
Sii(0) = 1if ¢lx > 6 andS;;(0) = 0 otherwise.
R(Y,P,d)={X:X; e Wy, Vi=1,...,N}. On the other hand, it can be proven that minimizing the

cost function of Eq. (1) inX for a givenA results in an or-
Our observation model is then based on giving uniform prObathogona| projection onto the consistency set.
bility to images within the consistency set, and no probability  But project onto Voronoi cells can be quite complicate,
otherwise. This leads to the following degenerate distributionpecause we do not know, in general, onto which face of the
) polyhedron will fall the projection. We have approximated the
p(Y]X) = { K if Y = f(X) projection by the following procedure. For each pixel outside
0 otherwise. its corresponding Voronoi cell, we do a linear search in the
line between it and its corresponding centroid looking for the
nearest point to the pixel which lies in the proper Voronoi cell,
which can be checked by applying the quantization.
2.2. Sparsity-based prior model Finally, from an initialX (®) our method iterates as:

whereK is a real positive number.

Let ®! be a full column rankM x N matrix with M > N. 7" = ®S(h) Bt X",
Here,®! and® represent, respectively, the analysis and syn- K+ _ plL (2™
thesis operation of an overcomplete Parseval fradn@i{( = U R(Y) :
I). In this work, we assume that each color channel is inde- 1 _—
pendent from each other. We note, where¢ € {R, G, B}, v_vherefB IS thedorth_T)gotr;aI prr(])]ec;uon_ohnto a set See sec-
to the correspondingy x 1 RGB channel of imag&. Our tion 4 for more details about the algorithm.

image prior is based on expecting that edek, = a; + re,

wherea, are sparse vectors angd Gaussian correction terms. 4. IMPLEMENTATION
Then, by concatenating the column vectagsnto M x 3 ma- . )
trix A, we define the following prior distributions: Representation usedVe have seen a good comparative per-

formance by using th&-scale Dual-Tree Complex Wavelet
Transform (DT-CWT, [1]). The redundancy factor4s The

real and imaginary part of complex coefficients are sepa-
rated and treated as if they were independent coefficients.

-1
pX[A) o [ ewlgzlex —adll).
¢e{R,G,B} r

p(A) « H exp(—v|lac]lo)- Both analysis and synthesis operations were performed
¢e{R,G,B} on an orthogonal color domain obtained through matrix
T=[L L L. 1 =lg =L=l.1)

o N V333 V3 V2 0 6 Vo V6
It is important to note that we can define in a similar way our  a|gorithmic parametersOne of the critical issues of these

signal model in any other orthogonal color space. kind of methods is choosing a value for parameteburing
the last years, dynamic strategies based on beginning with a
2.3. Problem formulation small value (equivalently, a high value of the thresheé)d

o ) - which provides a high degree of sparsity, and increasing it at
We want to maximize the posterior probabilityX, A[Y).  each iteration (decreasim have provided excellent results

ability p(X, A,Y), which we factorize ap(X, A, Y) = justified the use of an exponential decayfofor the sparse
p(Y[X)p(X|A)p(A). Then, by minimizing the negative approximation case as a deterministic annealing-like strategy
logarithm ofp(X, A,Y), we want to solve: based on minimizing in successively less smoothed versions

o of the highly non-convex original cost function.
(X, A) = argmin{ > (lacllo+ M®'xc —acll3) (1) This is also the strategy used in this work. In the results
" ¢e{RG,B} below, we begin with and initia#(®) equal to the maximum
stY = f(X)}, amplitude of the coefficien®’y, for ¢ € {R, G, B}, and at
each iteratiom we multiply 6(*) by 8 = 0.8. The iterations

where) = -4 are stopped when currefit”) is below1.

el



5. RESULTS AND DISCUSSION

Our testimages are real gif images quantized with 256 colors.
The images were downloaded from the Wwelwe compare
here our proposed method vs-norm minimization and con-
strained diffusion strategies. The former can be easily derived
similarly to ourfy-norm method, but using -norm in Eq. (1)
instead. This leads to a method consisting of iterated dynamic
soft-thresholding and projection onto consitency set. The al-
gorithmic parameter setting is the same as for our proposed
method. On the other hand, constrained diffusion represents
the most popular approach to color de-quantizing in the lit-
erature. We have implemented a method consisting of con-
volving, at each iteration, the current estimate witlv /256,

with v = [14 6 4 1], and then projecting back to the consis-
tency set. This is a much faster algorithm, and we sawlthat
iterations were enough to converge in all the cases.

Figure 1 shows an example where the quantization arti-
facts are strongly visible both in the smooth parts (sky) and
in the textured areas (floor). Note that bdtinorm mini-
mization and our proposed method are able to recover better
the edges, which results in a more appropriate contrast of the
trees with respect to the background and also of the textured
areas. However,;-norm minimization is not able to recover
properly the original smoothness of the clouds, whereas con-
strained diffusion gives a too smooth result, loosing some de-
tails, like at the. Then, our method outperforms clearly the
rest in this example.

Figure 2 shows another example, where strong artifact can
be seen in the sky and in the crowd. Again, the result from
constrained diffusion is too smooth and much texture is lost,
whereas the result frorfy -minimization is too sharp and the
quantization artifact are not properly removed. Our method
provides a more appropriate estimate, at the same time pre-
serving well the edges due to the use of hard instead of soft
thresholding but also removing the quantization artifacts even
better than constrained diffusion.

6. CONCLUSIONS

We have proposed a new color de-quantizing method based on
maximizing the compressibility of the response of overcom-
plete wavelets to images inside the consistency set with the
degraded observation. Our observation model assumes uni-
form probability over the images within the consistency set,
and zero probability outside. Our image model reflects the
fact that most coefficients in the wavelet response are close
to zero. Resulting method consists of iterated hard thresh-
olding with a decreasing threshold at each iteration, followed
by a projection onto the consistency set. We have provided
some real examples showing that our method outperforms
both Z;-norm minimization and constrained diffusion tech-

Fig. 1. From top to bottom: quantized observed image, result

1Unfortunately, the original URL seems to be now missing. ) . ) Attt
of constrained diffusion, result @f -minimization, our result.



nigues. More precisely, it is able to remove quantization arti-
facts effectively while preserving the sharpness of real edges.
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Fig. 2. From top to bottom: quantized observed image, result
of constrained diffusion, result éf -minimization, our result.



