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Abstract— Denoising algorithms based on gradient dependent The Euler-Lagrange (E-L) equation is
regularizers, such as nonlinear-diffusion processes and total via
ation denoising, modify images towards piecewise constant func- rl
tions. Although edge sharpness and location is well preserved, im- ﬁ
portant information, encoded in image features like textures or

certain details, is often compromised in the process of denoising. where 2 R is ascalar controlling the delity of the solu-
We propose a mechanism that better preserves ne scale featuse tion to the input image (inversely proportional to the measu

in such denoising processes. A basic pyramidal structure-texter . .
decomposition of images is presented and analyzed. A rst level Of denoising). Neumann boundary conditions are assumeel. Th

of this pyramid is used to isolate the noise and the relevant tex- Solution is usually found by a steepest descent method:

ture components in order to compute spatially varying constraints

based on local variance measures. A variational formulation with ly= F; lji=o = lo: 4)

a spatially varying delity term controls the extent of denoising

over image regions. Our results show visual improvement as well ~ When the noise is approximated by an additive white pro-
as an increase in the signal-to-noise ratio over scalar delity term cess of standard deviation the problem can be formulated as
processes. This type of processing can be used for a variety obtes nding

in PDE-based image processing and computer vision, and is stable

F div 9) (o 1)=0 (3)

and meaningful from a mathematical viewpoint. min, R (jr bj)dxdy

. - . : ; - 2. 5
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ing delity term, nonlinear diffusion, variational imagerg-

[Note that for noise of impulsive type this method is not suit

cessing. able, see e.g. [23], [6]]. In this formulationcan be considered
as a Lagrange multiplier, computed by:
I. INTRODUCTION 4
- av XL g igdxdy: @)
PDE-based methods have been widely used over the past 2 ir1j 0 y:

decade for image denoising with edge preservation. These ) )
methods are either based on the axiomatic approach of né¥&(5) uses a scalar constraint (and a scajawe refer to it as
linear scale-space (nonlinear diffusions), or on the viarial the scalar problem The actual function with which we work

approach of energy functional minimization. Details regar in this paperis( z) = = 1+ 2z2. The process that results
can be found, for example, in [1], [35], [37]. implement by standard discretization of the E-L equatidmses

A classical variational denoising algorithm is the totativa it has no singularity at zero gradient. Also, when the descen
ation (TV) minimizing process of Rudin-Osher-Fatemi (ROFf implemented by an explicit method, the time step bound is
[28]. This algorithm seeks an equilibrium state (minimat ernaximal (bounded by the standard CFL). .
ergy) of an energy functional comprised of the TV norm of the Ve choose it as a representative of variational denoisiag pr

imagel and the delity of this image to the noisy input image®€SSes. .
lo: . The performance of this, and other PDE-based methods, have

1 shown impressive results, especially for non-texturedgesa
Erv = (rlj+ > (I 10)*)dxdy: (1) The implicit assumption that underlies the formulationtege
ows/equations is the approximation of images by piecewise
This is further generalized by the-formulation [10] with the constant functions, which are in the space of bounded Vamiat
functional (BV). We recall that a signal is in BV if

Z Z

E = (jrip+ % (I 10)® dxdy: (2) jDuj + kuk 1 < 1
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A good cartoon model captures much of the image imposketches at different scales. Let us de ne a cartoon of scale
tant information. Yet, it has several obvious drawbacks- tes, using the process, as follows:
tures are excluded, signi cant small details may be left ant .
even large-scale features, that are not characterized imy- do Cs=1]- (7
nant edges, may be disregarded. The purpose of this paper js . _—
to show that a relatively simple modi cation of the above agu Whef‘?' Is the steady state of (4). See [30]’ [31] for a similar
tion yields a denoising algorithm that better preserves tue de nition of the scale. Let us de r.1e the residue as the défeze
structural and textural information of the image. between two scales of cartoons:

Following Meyer's work [19] recent studies in the eld sug- - .
gested the use of weaker norms thaf) such asG andH 1, Rum = Cn Cm (n<m): ®
for the data delity term [33], [25], [3], [2]. These moderedh- \We shall refer to the Non-Cartoon part of scalas the residue
nigques can better distinguish between structural andlaBo¥  from level zero:
components and tend to reduce less contrast of the structura .
part. However, when used for denoising (as oppose to decom- NCs = Ros = Cp Cs: (9)
position), these procedures still recover mainly the $tmad _ ) _
image components, where textures may be over-smoothed. Th¢S cartoon and residue data structure is analogous of/tiae p
G-norm (and its various approximations) is low for osciltgti Mid of wavelet approximations. By using the de nitions of (7
patterns, and therefore does not penalize much both noise &Rd (8) and integrating the E-L equation (3) we deduce the fol
most types of textures. The TV norm, on the other hand, penkgwing basic properties: _ _
izes strongly oscillating patterns. Therefore this typermdrgy Proposmoq 1: The cartoon pyramid model has the following
minimization is still not very well adapted to capture teeu Scale properties:
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parts of the image (see Fig. 6 for a comparison example). 1) The cartoon of scale O is the inputima@®. = lo.
Recent studies which perform decomposition to three cate-2) The cagtoon of scalé is the mean of the input image.
gories — structure, texture and noise — by PDE's and wavelets Ci = lo(X;y)dxdy.

[4], [29] seem to be an appropriate solution also for dengisi 3) The mean of any residue is zero. Ry, dxdy = 0.

of natural images. We believe that our approach can comple4) A cartoon ifgage can be built from residues of larger
ment and improve the results presented in these paperseAsth scalesCs = [ _sRnn+1 + C1 .

weight parameters of these methods are not spatially \grgin g~ Proof: To prove Property 1 we denotd =
constant “ratio” is implicitly assumed between structytes- (jr loj)dxdy. Let us assumé 6 I in the L? sense
tures and noise components throughout the image. Wheréefsany large . Speci cally, there existhh 2 L? such that
noise can often be regarded as spatially invariant (e.gtewhkhkz = > 0andE (1) < E (lo) for > 24, where
Gaussian noise), textures and structures are not homogjgnoli + h = Io. Then
spread in the image (in terms of variance). Another new ap-

proach is the use of Bregman iterations proposed by Osher gt () E (1)
al. [24]. In this method as well, a scalar weight parameter M_
is used. Our approach may therefore be introduced in the fu- 0,
ture also for these new types of more sophisticated (and cohich contradicts our assumption.

plicated) denoising schemes. _ . Property 2 can be proved using [1] (p. 79, Prop. 3) where we
In order to keep the presentation of the idea simple and fgaqce thaC; convegges to the mean image value in tHe

(irto)) (ir 1))  khk3dxdy
1 2
2

AN N

cused, we retain in this paper the more classical Varidtio'%"énseiims.l KCs l odxdyk, : = 0.
regularization based on the gradient magnitude lahdlelity R For Proberpy 3 we use [1] (p. 79, Prop. 2) to show that
term. Csdxdy = lodxdy, 8s 0, and therefore

z z

[I. THE CARTOON PYRAMID MODEL
The cartoon model has been de ned and investigated in the
early 80's [12], [7], was further elaborated in [20], [21]dan
is widely used as the basic underlying model for many image
denoising methods. In the continuous case, the cartoon hasal g .. + c;
-sRn;

Romdxdy = (Chn Cp)dxdy =0:

Property 4 is veri ed by expanding the sum expression;

= Rgs+1 * Rss1s42 + 010

curve of discontinuities, but everywhere else it is assumed " i+ Ry 1 +Cy

to have a small or a null gradieirt I j. A multi-layered im- = Ci Cen N Cers  Cesp + i
age representation was suggested by [18], mainly for casapre i+ C; 4 Cp +Cp

sion purposes. However, the wavelet compression (thréshol = Cq

ing) technique for extracting the cartoon part, by using iy ve

high compression factor, produces blurry results which alo n |
preserve well edges. In Table | a cartoon pyramid example is shown. See [32] for

The TV and other gradient-dependent lters are especialgn alternative pyramidal structure suggested recently.
good for extracting the cartoon part of the image. We use them|In the case( z) = z in Eq. (2) where we have the ROF
therefore, as a simple pyramid (scale-space) of rough imagedel [28] one can relate the scale and residue directly with



the G-norm (or star norm) presented in [19] p. 30 (see also the Scale Cartoon Non-Cartoon | ResidueRn:m
discrete version de ned in [3]). Th& space is closely related
to the dual ofBV. The G normk Kkg penalizes oscillatory
and piece-wise constant functions in an inverse manner to TY
whereas the TV norm of oscillatory signals is high and tieir
norm is low, piece-wise constant signals have a low TV normy  (Q
and a highc norm. For example, a signsin(kx) inx 2 [0; 2 ]

and zero elsewhere hagzanorm approaching zero &sl 1,

whereas its total-variation in this case approacheg-or more

on this subject we refer the reader to [19], [33], [3], [4]].[2

[25], [22]. 1
Proposition 2: For the functional( z) = z, we have
1) KNCskg = s.

2m n k Rymke m+n.
3) kRn;m ke =0:;8n k Co Ci kg.

Proof: The rst and third statements are direct conse-
guences of our pyramid de nitions and Theorem 3 and Lemm
4 in [19]. The second statement is validated by the relatio
Rnm = NCn  NC,, using the triangle inequality and State-
ment 1. |
Statement 1 states that tenorm of the Non-Cartoon part is
strictly increasing (linearly), implying that larger aresk oscil- 100
latory features are incorporated in this part with the grooft
s. From Statement 2, one can vi®y., as a texture “band”
of the original image with speci ed upper and lower bounds of
the G norm. Due to the convexity of the ROF model, the solu-
tions for similar values of are suf ciently close and therefore | 1
we estimate thatRn.m kg should be in fact closer to its lower TABLE |
boundm n, at least whemm andn are of the same order.

X . EXAMPLE OF A CARTOON PYRAMID. LEFT COLUMN - SCALES=1= ,
Statement 3 shows that the telescopic buildup of the cartoon
. . SECOND COLUMN- CARTOON PARTCs, THIRD COLUMN - NON-CARTOON
imageCs from larger texture bands, as formulated in StatemenllfDARTNC RIGHT COLUMN - RESIDUE Rnm (WHERE THE VALUES OF
4 of Proposition 1, is nite in practice (excluding the mean-i (rem) ASR:E(O' 1), (1: 10, (10; 100) (186"_’1 }. FROM SECOND ROW
age valueC; ). For other relations connecting the scale with " T 'DOV’VN R’ESPE'CTNE’W) '
the G-norm see [31]. ’ '

In order to construct the pyramid, the desired scales should

be specied. A simple mechanism, following Gaussian and
Laplacian pyramids or wavelet decompositions to detail@d the textures at a similar scale or below that of the noisehi t
proximation parts, is to use prede ned scales, which grow eXimpjer case a good representative scale could be selesitegl u
ponentially, such as, = so ¥, where is some constant (€.9. 5 estimate of the noise variance.

= 2 for a dyadic scale). In Table | three levels of a pyramid \yq employ the constrained problem, similar to (5) and im-
are shown fosp =1, =10,k = f0; 1;2g, as well as the zero pose
and in nite scales. 1 z

In this pyramid larger scales retain high frequencies (sfige —
and one does not re-sample or decimate the image to a smaller I
size. This gives more freedom for choosing any set of scéde vivhere > 0 controls the selected scale in terms of variance.
ues. Speci cally, the multi-scale decomposition can begma Typically 1 2 so that most noise and the relevant tex-
driven. This topic demands more study and would not be eldi+es of that scale are included in the residual part. In atu-n
orated in this paper. For some preliminary directions setggke ral images experiment we set= 1:5.
by the authors and colleagues on how to select image-driverOur model consists of three componenitg= I¢ + Inc +
structure-texture splitting parameters see [15], [5]. I'n,wherel oig = Ic+ Inc isthe original imagel,c is the Car-
toon approximation] yc is the remainder Non-Cartoon part,
and |, is an additive noise. Note that we left the de nition
of "non-cartoon” part vague. It, typically, consists of tigses,

The cartoon pyramid has a broad context and may give sogmall-scale details, thin lines etc. The only assumption we
more theoretical insight on issues regarding structusgute make is that it has zero mean. Under this decomposition, the
and scale. residue of the Itered image is:

For our denoising purposes of the next section we use only
one decomposition level which should contain the noise and I lg I =N+ Mh: (12)
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)

=

(I lo)dxdy= % (10)

A. Use for Denoising



Note that we distinguish between the "true” non-oscillgfoart A. Automatic Texture Preserving Denoising
and its approximation by the diffusion process by the tilde

: In the general case, we do not have much prior knowledge
upperscript.

on the image that can facilitate the denoising process. in ou
. THE ADAPTIVE PROBLEM model we assume that the noise is additive, uncorrelated wit

To obtain an adaptive scheme, we generalize tidenoising :EZtSi;gr\]f:ri(aeﬁ?:é ig?]'té\/eeevggg]eatC;ZUSS'an or uniform noise a

roblem by imposing a spatially varying variance constrain . . .
b y Imp 9 P y varying Our aim is to use the denoising mechanism in a more accu-

Let us de ne rst a measure to which we refer as theal vari- . .
rate and precise manner. Images which can be well represente
ance .
by large scale cartoon model are the best candidates for suc-
1 z cessful denoising. Images with much ne texture and details
P.(xy) —  (1.06¥)  [11)?wxy (6 ydxdy; (12) will not bene t that much from the operation; while reducing
1) most of the noise, this type of processing will inevitably de
vihere wyy (%) = w(x  Xj;jy yj) is a normalized grade important image features. The rst problem is to disti
( wyy (% yWdxdy = 1) and radially symmetric smoothing guish between good and bad candidates fatenoising. The
window, [] is the expected value taken with respect to thsk becomes even more complex if this is done adaptively.

probability densityw,., (x; ¥)= j on the set of all Many natural images exhibit a mosaic of piecewise smooth and
quadruples(x;y; x;i¢). From the de nition of the local vari- texture patches. This type of image structure calls fortjusi
ance it follows that P, (x;y)dxdy = P, , where (spatial)-varying ltering operation.

P, varl,): (13) The performance of the scalardenoising process is illus-

) ] trated in Fig. 1, using a typical cartoon-type and texturad i
We reformulate the scalar problem, stated in Eq. (5), in the gges. The SNR's of these three processed images are summa-

context of the adaptive problem as follows: rized in Fig. 2, and plotted as a function of the residualarce
min, ( jr 1j)dxdy (14) (normalized variance of the rgsidue). Obviously, as theame
subject toP (x;y) = S(X;Y); ples illustrate, cartoon-type images are denoised mudierbet

than textured images (both in terms of SNR and visually). An-
other important observation is that the maximal SNR of aarto
and non-cartoon images is reached at different levels afiden
ing. Whereas cartoon-type images reach their peak SNR at high
E= ((jrlj)+ % (X;y)Pa(x;y))dxdy:  (15) denoising levelsHg _ _2), non-cazrtoon images degrad(_—:- faster
and require less denoisinBg < <). For deeper analysis and
The Euler-Lagrange (EL) equation for the variation withpet - SOme bounds on the resulting SNR oforocess denoising see
tol is [14], [13].
r We present here a relatively simple method that can approx-
xy)(I 1l C) div X )7 =0; (16) imate the desired level of denoising in a region. In our above
rt formulation (Eq. 14), the problem reduces to ndiBgx;y).
where for any quargtX (x;y) we de ne the locally averaged e use the cartoon pyramid model for this purpose. Our rst

wherely = (I lp C), Cis a constant an&(x;y)
0 is assumed to be givearpriori. We solve the optimization
problem using Lagrange multipliers:

quantityX (x;y) = X (x; Ywyy (x; y)dxdy. We solve this azim is to differentiate between the cartoon part of the image
equation forl by a gradient descent: Ic and the noise and texture pattgc + I,. Our splitting
_ _ ) o1 parameter (or scales = 1) is selected using Eq. (10). We
ly= (Xy)(lg | +C)+ div ()jr—lj : a7) assign )
In order to compute the value ofwe multiply the EL equa- S(X;y)= ——; (21)
tion (16) by(I 1o C) and integrate over the domain After Pr(xy)
a change |£1 the order of integrals in théerm we get wherePg (x;y) is the local variance of the residiig.
In the case wherey |, (basic cartoon model without tex-
( (cy)Sxy)  Q(xiy)dxdy =0; (18) tures or ne scale details) this scheme is similar to thearcal
where process. In this case should be close té. The local variance
of the residue is almost constamg((X;y) 2) and hence
Qxy)=(1 1o C)iv Y )i : S(x;y) 2. We get a high quality denoising process where
Irlj | Ic = loig - In the case of most natural images, however,
A suf cient condition is textures will also be Itered and included in the residuetpar
Q(x;y) As the noise is uncorrelated with the signal, we can approxi-
(xy) = S(x;y): (19)  mate the total variance of the residuePag: (x;y)+ Pn(X;Yy),

the sum of local variances of the non-cartoon part and theenoi
respectively. Thus, textured regions are characterizeldidly
(X'V)Q xy)  lo(x:y))dxdy local variance of the residue. In order to preserve the lgetai
! ! ! : (20) structure of such regions, the level of Itering there stbbk
(x;y)dxdy reduced over these regions.

Finally, the constant is obtained by solving® E = 0, yield-
ing

C=




this case that portion of the image accounting for the texamd
ne details that may be Itered out by the process. Formally,
substituting forPr (x;y) in Eq. (21) the relatiorPr (X;Y)
Pnc (Xiy) + Pn = Pnc (Xiy) + 2, we get

2 1 )
1+ Pne (xy)= 27

S(x;y) (23)

B. Algorithm

1) geparate the noise and relevant textures by minimizing
( jr 1)) subjectto (10) and settirigg = 1o 1.
2) Compute the local variance b§ by (12) and then com-
pute the local constrains(x;y) by (21).
3) Solve (14) by iteratively evolving (17) and update; y)
andC according to (19) and (20).

C. Denoising with prior information

In cases where more information regarding the structure of
the original signal is available, the performance of deingis
process incorporating a spatially-varying delity corastit can
be substantially ameliorated. The specics are applicatio
dependent and heuristic in nature. We therefore mentioa her
only a few related ideas. To preserve specic features in the
denoising process, such as long thin line or known types«ef te
tures, one can pre-process with the corresponding feagteed
tor (Hough transform, texture detector). The values¢x;y)

Fig. 1. Scalar denoising of textured and texture-free images. Top rowjepends, then, locally on the feature detector responsgesCa
Piecewise constant image, middle row: Textured image of gkeggym row: ! ’

Patches of the two types of images combined in one. Left colupiceethe  Of Spatially varying noise also t the model. For example, in
original images, middle column - noisy images, right column - Itesiiscalar  low-quality JPEG images, the boundaries between 8x8 pixel-

processing (Eg. 3) at convergenéey( = ). blocks are often more noisy and the delity to the originatala
on these block boundaries should, therefore, be decre&sed (
increased). See [17] for a different solution by an adaptive

dow approach.

IV. EXAMPLES

The effects of adaptive- versus scalar- delity denoisimg a
illustrated using a synthetic mosaic comprised of two teedu
i patches juxtaposed with two smooth patches (Fig. 3). The

" scalar delity term requires that a global variance, eqodhie
Fig.2. SNRofscalar denoising ofimages shown in Fig. 5. SNR is plotted a§10iS€ variance, be ltered. As the process is smoothing both
a function of the residual variance, normalized by the noieamce:Pr= 2. texture and noise, more variance is ltered in the textured r
E:;E?:egr};zgeW|se constant image, dash-dot line teimage, solid line i\ than in the originally smooth ones. This results inrove

smoothing of textured regions, whereas smooth regionsare n
suf ciently denoised (Fig. 3, left side second row from top)
The adaptive delity term process (second row right) applie
different levels of denoising in different regions. Thigiroves
the result both visually (texture is better preserved, simoe-

Ps(!) gions are bgtter denoisgd) and in terms of signal—tq-nr&se r
W; (22)  tio. At the third row of Fig. 3, we show how the required spa-
tially varying varianceS(x;y) (middle), depends on the value
whereP s(! ) andP n(! ) are the power spectrum of the signabf the residuel g (left). The value of the adaptive delity term,
and noise, respectively. The basic concept amounts to redu¢x;y) (right), is shown for the converged process (lighter re-
tion in the extent of Itering G ! 1) at frequencies where thegions indicate higher value). Naturally, the values ¢%;y)
signal power exceeds that of the noise. are inversely related to the residual variance meaS(xey).

In our case we have a similar principle, whereby reduction in Processing a noisy version of the Barbara image (Fig. 4), it
the extent of ltering (i.e.S! 0)is called for in regions where is demonstrated how the adaptivemethod performs well on
signal power exceeds that power of the noise. The signal isriatural images. Our simple local variance criterion seentet

SNR [dB]

3

Let us recall the classical Wiener lIter (optimal lineardt in
the mean squared-error sense). Its formulation in the &equ
domain is

G(')=



Fig. 3. Processing of a noisy mosaic of textures (fabric an@inahd smooth
areas. From top: Original mosaic made of patches of fabric artel rrex-
tures, juxtaposed with two constant patches (left); Noisgsion, 1o, of the
original with SNR=2.4dB, = 40 (right); Result of processing with scalar
- SNR=6.4dB (left), result with adaptive - SNR=7.6dB (right); Bottom Fig. 4. An example of processing results obtained with a mhtimage.
row: Residudr (left); S(x;y) calculated according to the residue (middle):From top: Original ‘Barbara image' (left); Noisy version dfet original im-
(x;y) atthe convergence of the process (right). age,lo, with SNR=8.7dB, = 20 (right); Result of processing with scalar
(SNR=12.6dB, left); Result of processing with adaptivd SNR=14.2dB,
right); Residuel g (left); S(x;y) calculated according to residue (middle)
(x;y) at convergence of process (right).
suf cient to differentiate textured from smooth regionsen in

relatively complex images. Accordingly, appropriate loea
quirements on the variance to be ltered are applied. In Big.
Barbara's right knee is enlarged to highlight similar pheeoa
to those obtained in the case of the synthetic example, where
textures are preserved and the denoising of smooth regsons i
stronger.
Fig. 6 shows the Teddy-bear from the Toys image. A com-
parison is performed alsototiey H ! model of [25] and Fig. 5. Enlargement of Barbara's right knee (fu}l images arBim 3). Top -
to [3] which implements Meyerg V G model [19] (With result of scalar process, bottom - result of adaptive pmces
a smallL? residual). The scalar delity terms are chosen such

that the variance of the residual i8. Our algorithm diminishes . )
the denoising in the textural parts of the bear. The a way to a'pprOX|mate'th|s parameter). Nevertheles;, our alg
model is quite competitive, but still degrades the shirtuess. 11thm consistently achieves better SNR then the optimabsca

Similar effects can be seen in Fig. 7 where the process is conte that with respect to the SNR criterion modern multiscal
pared with the regularized version of P-M [26] proposed b avelet-based techniques achieve better performances(gee

Catte et al. [8]. Relatively small regularization is usedtire [27))- This is due to their ability to denoise well also thette
gradient computation of the diffusion coef cient (varianof 2l Parts. However, in general wavelet denoising produess |
Gaussian i€9:1). This causes some isolated points to remaifil@'P results near edges and may have some oscillatiors. Thi
Stronger regularization in our experiments resulted irext aff€Cts the denoising quality butis less re ected by the SR
sive over-smoothing of the textures. One may observe tleat ltﬁno_n. Conve>_< grad|er_1t-b_ased variational denoising mh
textural snow background is better preserved by our prapogMit the maximum principle and do not produce oscillatory
method, while the smooth coat parts are well denoised. solutions. Our algorithm retains these desired qualities.

In Table Il we show the comparison between scalar and adap- ) )
tive processes in terms of SNR. In the scalar process we shifplementation details
two cases. The "Standard scalar” column refers to tbhosen ~ We used explicit Euler schemes to implement the iterative
according to the constrained problem (5). The "Optimalatal processes. The averaging windew(x;y) was selected to be
refers to choosing the parametesuch that the maximal SNR a Gaussian of stanBard deviatiop = 5. The potential in all
of the recovered image is reached (out of a nite set of 30 opnageswas( s) = 1+ s2( = 1). As we used gray level
tional values). This result naturally can be achieved amkim- images with values in the ranf@& 255]the results are similar to
ulations when the original clean image is at hand (see [13] f&V denoising. We observed that the calculation of the cantsta



Fig. 7. Comparison between regularized Perona-Malik andaoiaptive
scheme. Top: original (left), image contaminated by additivetevGaussian
noise (right, = 15). Bottom: image denoised using regularized Perona-Malik
(P-M) (left) and processing with adaptive Textures and small scale features
are kept better in our scheme.

Optimal | Standard| Ours -
Image SNRo | Scalar | Scalar | Adaptive
Cameraman| 15.86 19.56 19.32 20.81
Lena 13.47 18.19 17.65 18.59
Boats 15.61 | 20.23 19.83 20.62
Sailboat 10.36 | 15.51 15.16 16.30
Toys 10.00 | 17.69 17.29 17.72

Fig. 6.  Part of the Toys image. Top: original (left), noisygfif). Each TABLE Il

row dgpicts the denoised image(left) and the residudlo | (right) of the ey 6151NG RESULTS OF A FEW CLASSICAL IMAGES FROM LEFT, SNROF
following models:TV L2 (scalar), our proposed adaptiVe/ L2, scalar

TV H 1[25] and scalaTV G [19,3], from second row to bottom, THE NOISY IMAGE (SNR ), SNR'S OF SCALAR DENOISING
respectively. ("OPTIMAL' AND 'STANDARD', SEE EXPLANATIONS FOR THIS TABLE FOR

DETAILS), SNROF OUR ADAPTIVE DENOISING ('O URS - ADAPTIVE').
ALL EXPERIMENTS WERE DONE ON IMAGES DEGRADED BY ADDITIVE
C gives very little improvement. Therefore we €&t= 0. In WHITE GAUSSIAN NOISE( = 10).
the experiment on natural images (results shown in Table=1) w
set a constant residue variareg = 1:5 2 (= 1:5in (10)).
Texture patches were taken from the VisTex archive [34]. All
images were processed automatically with the same paresneome insight on the decomposition was given also with @tati
(no tuning of parameters was performed for each image).  to Meyer'sG norm [19].
Following this image model we use the scalar process to sep-
V. CONCLUSION arate the noise and the relevant textures of the image which
The widely-used variational denoising algorithms witlgould be degraded in the denoising process. Regions of the
global variance constraints perform well on simple cartoofiesidual part with higher local variance than that of theseoi
type images, where most of the information is represented 8§e treated as textured regions where denoising should-be in
the simple structural approximation of the image. Howeirer, hibited (in a soft manner). This is accomplished by intradgc
order to preserve texture and small scale details, mordesulst new variational formulation with local variance consitsi
constraints are called for. We developed an adaptive wamit A-priori knowledge on the details to be preserved can further
scheme that controls the level of denoising by local vagan&nhance this method.
constraints. We have shown that the proposed scheme can lter noise bet-
A pyramidal model of structure and texture was presentedter than the scalar constraint process over a variety ohstiat
which the structural component at any scale could be budt inand natural images. Visually, the processed images loolke mor
telescopic manner by texture bands of subsequent highlesscanatural and less 'cartoon-like'. With respect to SNR, our al



gorithm consistently achieves higher SNR than the optifret! t [15] G. Gilboa, N. Sochen, Y.Y. Zeevi, “Texture preserving varia-
could be achieved with a single scalar value oThis study as- tional denoising using an adaptive delity term”, Proc. Varia-

sumed a simple regularizing model based on the gradient mag- gggg' and Level-Set Methods 2003, Nice, France, pp. 137-144,
nitude andL“ delity. The ability to effectively reduce noise [16] G. Gilboa, N. Sochen, Y.Y. Zeevi, “PDE-based denoising of com

from teXtural partS iS therefore ||m|ted Further imprO\E}’m p|ex scenes using a Spatia”y_varying de||ty ’[erm“, Proc. ICIP

may be gained by combining PDE-based and wavelet-based 2003, Barcelona, Spain, pp. 865-868, 2003. _
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tures, respectively. ing and structures preserving”, ECCV "04 (3) pp. 132-144, 2004.
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