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Abstract—Shift invariance associated with good directional selectivity is important for the use of a wavelet transform (WT)
in many fields of image processing. Generally, complex wavelet
transforms, e.g., the double-tree complex WT (DTCWT), have
these useful properties. In this paper, we propose the use of a
recently introduced implementation of such a WT, namely, the
hyperanalytic WT (HWT), in association with filtering techniques
already used with the discrete WT (DWT). The result is a very
simple and fast image denoising algorithm. Some simulation results and comparisons prove the performance obtained using the
new method.

I. I NTRODUCTION
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HROUGHOUT recent years, many wavelet transforms
(WTs) have been used to operate denoising. The first one
was the discrete WT (DWT) [1]. It has three main disadvantages
23 [2]: lack of shift invariance, lack of symmetry of the mother
24 wavelets, and poor directional selectivity. These disadvantages
25 can be diminished using a complex WT [2], [3]. More than
26 20 years ago, Grossman and Morlet [4] developed the contin27 uous WT [5]. A revival of interest in later years has occurred
28 in both signal processing and statistics for the use of complex
29 wavelets [6], and complex analytic wavelets, particularly in [7]–
30 [9]. It may be linked to the development of complex-valued
31 discrete wavelet filters [10] and the clever dual filter bank [7],
32 [5]. The complex WT has been shown to provide a powerful
33 tool in signal and image analysis [11]. In [12], the authors
34 derived large classes of wavelets generalizing the concept of the
35 1-D local complex-valued analytic decomposition introducing
36 2-D vector-valued hyperanalytic decompositions. In this paper,
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II. N EW I MPLEMENTATION OF THE HWT
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The shift sensitivity of the DWT is generated by the 42
downsamplers used for its computation. In [11] and [14], 43
the undecimated DWT (UDWT) is presented, which is a 44
WT without downsamplers. Although the UDWT is shift 45
insensitive, it has high redundancy 2J (where J represents the 46
number of iterations of the WT). In [15], a new shift-invariant 47
but very redundant WT, named shift-invariant discrete WT, was 48
proposed. It is based on an algorithm called cycle spinning, and 49
it was conceived to suppress the artifacts in the neighborhood 50
of discontinuities introduced by the DWT in denoising 51
applications. For a range of delays, data are shifted, their 52
DWT is computed, and then, the result is unshifted. Averaging 53
the several obtained results, a quasi-shift-invariant DWT is 54
implemented. In [16], it is demonstrated that approximate 55
shiftability is possible for the DWT with a small fixed amount 56
of transform redundancy. In this reference, a pair of real 57
mother wavelets is designed such that one is approximately the 58
Hilbert transform of the other. In the following, we will give 59
the mathematical basis for this approach. In [17], the author 60
provides a way to build new complete orthonormal sets of 61
the Hilbert space of finite-energy band-limited functions with 62
bandwidth π, named the Paley–Wiener (PW) space. He proved 63
the following proposition.
64
P1. Let χ denote the characteristic function of the inter- 65
val [−π, π] and let µ(x) be real valued and piecewise 66
continuous there. Then, the integer translations of the 67
inverse Fourier transform of χeiµ constitute a complete 68
orthonormal set in PW.
69
Following this proposition, some new orthonormal 70
complete sets of integer translations of a generating func- 71
tion can be constructed in the PW space. The scaling 72
function and the mother wavelets of the standard mul- 73
tiresolution analysis of PW generate by integer shifts 74
such complete orthonormal sets. Proposition P1 was gen- 75
eralized in [18] to give a new mechanism of mother 76
wavelet construction. In this reference, the following two 77
propositions were formulated.
78
P2. If Am = {αm,n (t)}|n∈Z is a complete orthonormal set 79
generating a Hilbert space Hm , then the set Âm = 80
∧
{(1/2π)1/2 · αm,n
(ω)}|n∈Z is a complete orthonormal 81
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16
Index Terms—Directional selectivity, hyperanalytic wavelet
17 transform (HWT), image denoising, maximum a posteriori (MAP)
18 filter.

we propose the use of a very simple implementation of the 37
hyperanalytic WT (HWT), recently proposed in [13]. Section II 38
is about this new implementation. Section III is dedicated to 39
image denoising. The paper concludes with a few final remarks. 40
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Fig. 2. Degree of shift invariance of HWT as a function of the regularity of
the mother wavelet used for its computation.

Fig. 1. Implementations of (a) the DTCWT and (b) the HWT are equivalent.

set of Ĥm (the Hilbert space composed by the Fourier
transforms of the elements of the space Hm ) and
84
vice versa.
85 P3. If µ(ω) is a real-valued and piecewise-continuous func∧
86
tion and Âm = {(1/2π)1/2 · αm,n
(ω)}|n∈Z is a com87
plete orthonormal set of Ĥm , then µ Âm = {(1/2π)1/2
∧
88
exp(iµ(ω))αm,n
(ω)}|n∈Z is another complete orthonor89
mal set of the same space.
90
These two propositions can be used to build new mother
91 wavelets if we identify the subspaces of an orthogonal decom92 position of the Hilbert space L2 (R), Wm , m ∈ Z, with the
93 Hilbert spaces Ĥm . With respect to this, the function µ(ω) must
94 satisfy the following constraint: µ(ω) = µ(2m ω), ∀m ∈ Z.
95
An example of a function that satisfies this constraint is
96 µ(ω) = (π/2)(sgnω + 1). In this case, exp(iµ(ω)) = sgn(ω).
97 Therefore, the function generating the set µ Am (which corre98 sponds to the new mother wavelets) is obtained by applying
99 the Hilbert transform to the function generating the set Am
100 (which corresponds to the initial mother wavelets) multiplied
101 by i. Consequently, if the function Ψ is a mother wavelet, then
102 the functions iH{Ψ} and Ψa = Ψ + iH{Ψ} are also mother
103 wavelets. This wavelet pair (Ψ, iH{Ψ}) defines a complex
104 DWT (CDWT), presented in Fig. 1(a). A complex wavelet
105 coefficient is obtained by interpreting the wavelet coefficient
106 from one DWT tree as being its real part, whereas the corre107 sponding coefficient from the other tree is considered to form
108 its imaginary part.
109
In [2], the double-tree complex WT (DTCWT), which is a
110 quadrature pair of DWT trees similar to the CDWT, is devel111 oped. The DTCWT coefficients may be interpreted as arising
112 from the DWT associated with a quasi-analytic wavelet. Both
113 DTCWT and CDWT are invertible and quasi shift invariant.
114
The implementation of the HWT representing the aim of our
115 proposal is presented in Fig. 1(b). First, we apply a Hilbert
116 transform to the data. The real WT is then applied to the
117 analytical signal associated to the input data, obtaining complex
118 coefficients. The two implementations presented in Fig. 1 are
119 equivalent because
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Whereas the DTCWT requires special mother wavelets, the 120
implementation of the HWT proposed in Fig. 1(b) can be 121
done using classical mother wavelets like those introduced by 122
Daubechies. These two transforms have a redundancy of two 123
in the 1-D case. In [19], a two-stage mapping-based complex 124
WT that consists of a mapping onto a complex function space 125
followed by a DWT of the complex mapping computation is 126
proposed. The authors observed that DTCWT coefficients may 127
be interpreted as the coefficients of a DWT applied to a complex 128
signal associated with the input signal. The complex signal is 129
defined as the Hardy-space image of the input signal. As the 130
Hardy-space mapping of a discrete signal cannot be computed, 131
they defined a new function space called the Softy space, 132
which is an approximation of the Hardy space. In [20], a new 133
measure of the shift invariance is defined, called “shiftability.” 134
We introduced a new criterion: the degree of shift invariance d. 135
It requires the computation of the values of the energy of every 136
set of detail coefficients (at different decomposition levels) and 137
of the approximation coefficients, corresponding to a certain 138
delay (shift) of the input signal samples. This way, we obtain 139
a sequence of energy values at each decomposition level, each 140
sample of this sequence corresponding to a different shift. Then, 141
using the mean m and the standard deviation sd of every energy 142
sequence, the degree of shift invariance is
143

dDTCWT [m, n] = x(t), Ψm,n (t)+iH {Ψm,n (t)}
= x(t), Ψm,n (t) −i x(t), H {Ψm,n (t)}
= x(t), Ψm,n (t) +i H {x(t)} , Ψm,n (t)
= x(t)+iH {x(t)} , Ψm,n (t) = dHWT [m, n].
(1)

d = 1 − sd/m.

(2)

It can be increased if the absolute values of the wavelet 144
coefficients are considered. In Fig. 2, the dependence of the 145
degree of shift invariance of the new implementation is shown 146
with respect to the regularity of the mother wavelets used 147
for its computation, when the absolute values of the wavelet 148
coefficients are considered.
149
The procedure followed in this simulation is described in 150
[13]. The Daubechies family was investigated, each element be- 151
ing indexed by its number of vanishing moments. As the curve 152
illustrated in Fig. 2 indicates, the degree of shift invariance 153
increases with the degree of regularity of the mother wavelets 154
used.
155
The generalization of the analyticity concept in 2-D is not 156
obvious, as there are multiple definitions of the Hilbert trans- 157
form in this case. In the following, we will use the definition 158
leading to the so-called hypercomplex signal. The hypercom- 159
plex mother wavelet associated to Ψ(x, y) is defined as
160
Ψa (x, y) = Ψ(x, y) + iHx {Ψ(x, y)}
+jHy {Ψ(x, y)} + kHx {Hy {Ψ(x, y)}}

(3)
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Fig. 3.

New 2-D-HWT-implementation architecture.

where i2 = j 2 = −k 2 = −1, and ij = ji = k [21]. The HWT
162 of the image f (x, y) is
161

163

(4)

Taking into account relation (3), it can be written as

HWT {f (x, y)} = DWT {f (x, y)} + iDWT {Hx {f (x, y)}}
+ jDWT {Hy {f (x, y)}}

+ kDWT {Hy {Hx {f (x, y)}}}
= fa (x, y), Ψ(x, y)
= DWT {fa (x, y)} .

(5)

Therefore, the 2-D HWT of the image f (x, y) can be computed with the aid of the 2-D DWT of its associated hyper166 complex image. The new HWT implementation [13], [22],
167 presented in Fig. 3, uses four trees, each one implementing a 2168 D DWT. The first tree is applied to the input image. The second
169 and the third trees are applied to 1-D discrete Hilbert transforms
170 computed across the lines (Hx ) or columns (Hy ) of the input
171 image. The fourth tree is applied to the result obtained after the
172 computation of the two 1-D discrete Hilbert transforms of the
173 input image. The enhancement of the directional selectivity of
174 the 2-D HWT is made as in the case of the 2-D DTCWT [3],
175 [5], by linear combinations of detail coefficients belonging to
176 each subband of each of the four 2-D DWTs. This technique is
177 explained, based on an example, in [22].
164
165

178

III. I MAGE D ENOISING

During acquisition and transmission, images are often corrupted by additive noise. The aim of an image denoising
algorithm is then to reduce the noise level, while preserving
the image features. There is a big diversity of estimators used
183 as denoising systems. One may classify these systems into two
184 categories: those directly applied to the signal and those who
185 use a WT before processing. In fact, Donoho and Johnstone
186 introduced the word denoising in association with the wavelet
187 theory [1]. From the first category, we must mention the denois188 ing systems proposed in [23] and [24]. The first one is based
179

180
181
182

on the shape-adaptive DCT that can be computed on a support 189
of arbitrary shape. The second one is a maximum a posteriori 190
(MAP) filter that acts in the spatial domain.
191
The multiresolution analysis performed by the WT has been 192
shown to be a powerful tool to achieve good denoising. In 193
the wavelet domain, the noise is uniformly spread throughout 194
the coefficients, while most of the image information is con- 195
centrated in the few largest ones (sparsity of the wavelet rep- 196
resentation) [25]–[33]. The corresponding denoising methods 197
consist of three steps [1]: 1) the computation of the forward 198
WT; 2) the filtering of the wavelet coefficients; and 3) the 199
computation of the IWT of the result obtained. Consequently, 200
there are two tools to be chosen: the WT and the filter. In 201
what concerns the first choice, we propose in this paper the 202
new implementation of the HWT. In [25] and [27], the UDWT 203
was used; in [26], [28], and [31], the DTCWT was used; and 204
in [29] and [30], the DWT was used. Concerning the second 205
choice, numerous nonlinear filter types can be used in the WT 206
domain. A possible classification is based on the nature of the 207
noise-free component of the image to be processed. Basically, 208
there are two categories of filters: those built assuming only the 209
knowledge of noise statistics (a nonparametric approach) and 210
those based on the knowledge of both signal and noise statis- 211
tics (a parametric approach). From the first category, we can 212
mention the hard-thresholding filter [1], the soft-thresholding 213
filter (stf) [1], [11], which minimizes the min-max estimation 214
error, and the efficient Stein’s-unbiased-risk-estimate-based in- 215
terscale pointwise thresholding filter [30], which minimizes the 216
mean square error (MSE). To the second category belong filters 217
obtained by minimizing a Bayesian risk under a cost function, 218
typically a delta cost function (MAP estimation [25], [26], [28]) 219
or the minimum MSE (minimum MSE estimation [27]). The 220
denoising algorithms proposed in [26]–[30] exploit the inter- 221
scale dependence of wavelet coefficients. The method proposed 222
in [27] takes into account the intrascale dependence of wavelet 223
coefficients as well. The statistical distribution of the wavelet 224
coefficients changes from scale to scale. The coefficients for 225
the first iterations of the WT have a heavy-tailed distribution. 226
To deal with this mobility, there are two solutions. The first one 227
assumes the use of a fixed simple model, risking a decrease of 228
accuracy across the scales. This way, there is a chance to obtain 229
a closed-form input–output relation for the MAP filter. Such 230
an input–output relationship has two advantages: it simplifies 231
the implementation of the filter, and it allows the sensitivity 232
analysis. The second solution assumes the use of a generalized 233
model, defining a family of distributions and the identification 234
of the best fitting element of this family to the distribution of 235
the wavelet coefficients at a given scale (e.g., the family of 236
Pearson’s distributions in [25], the family of SαS distributions 237
in [28], and the model of Gauss–Markov random field in [29]). 238
The use of a generalized model makes the treatment more 239
accurate but requires implicit solutions for the MAP filter 240
equation, which can often only numerically be solved. The 241
MAP estimation of u, based on the observation z = u + n 242
(where n represents the WT of the noise, and u represents the 243
WT of the useful component of the input image), is given by the 244
MAP filter equation û(z) = arg maxu {ln(pn (z − u)pu (u))}, 245
where pa represents the probability density function (pdf) of a. 246
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HWT {f (x, y)} = f (x, y), Ψa (x, y) .
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If the pdf’s pu and pn do not take into account the interscale
dependence of the wavelet coefficients, the obtained filter is
called marginal. For the MAP filters that take into account
250 the interscale dependence, the pdf’s are multivariate functions.
251 In the following, we consider a univariate Gaussian distribu252 tion for the noise coefficients (pn ) and a univariate Laplacian
253 distribution for the useful signal coefficients (pu ). The noise
2
254 coefficients have zero mean and variance σn
.
247

248
249

256

257
258

259
260

A. Solution of the MAP Filter Equation
Consequently, we take



 
pu (u) = 1/ 21/2 σu exp −21/2 |u|/σu .

(6)

Under the considered hypothesis, the MAP filter equation
becomes


(7)
(z − û)/σn2 − 21/2 /σu sgn û = 0.
Finally, the solution corresponding to the proposed marginal
MAP filter (pmMAPf) can be expressed as




û = sgn(z) |z| − 21/2 σn2 /σu
(8)
+

where (X)+ = X for X > 0 and 0 otherwise. In (8), σn2 is
the noise variance, and σu is the standard deviation of the
263 useful image coefficients. The relation (8) reduces to a soft
264 thresholding of the noisy coefficients with a variable threshold.
265 In the nonparametric approach, this threshold has a constant
266 value, proportional to the noise standard deviation [1]. As an
267 alternative, we use a denoising method based on the association
268 of the DWT with an stf, where the already-mentioned constant
269 of proportionality equals two, called adaptive stf. In practice,
270 the statistical parameters in (8) are not known, and therefore,
2
271 we use their estimates. To estimate σn
from the noisy wavelet
272 coefficients, a robust median estimator is applied to the finest
273 scale wavelet coefficients corresponding to each of the four
274 DWTs

261
262

σˆn2 = median (|zi |) /0.6745,

zi ∈ subband HH.

(9)

The marginal variance of the kth coefficient is estimated
using neighboring coefficients in the region N (k), a window
277 centered at the kth coefficient. To make this estimation, one
2
278 gets σz2 = σu
+ σn2 , where σz2 is the marginal variance of
279 noisy observations y. For the estimation of σz2 , the following
280 relationship is used:
275
276

σ̂z2

=

(1/M )Σzi∈N (k) zi2

(10)

where M is the size of the neighborhood N (k). Then, σu can
282 be estimated as
1/2

σ̂u = σˆz2 − σˆn2
.
(11)

281

+

This estimation is not very accurate. In addition, after com284 puting the sensitivities of that MAP filter with the noise and

283

B. Directional Windows in the Wavelet Domain

290

In [26], the regions N (k) were rectangular of size 7 × 7. 291
The energy clusters in different subbands are mainly distributed 292
along the corresponding preferential directions. For this reason, 293
the estimator using a squared window often leads to downward- 294
biased estimates within and around energy clusters, which is 295
disadvantageous for the preservation of edges and textures in 296
images. In [31], the elliptic directional windows are introduced 297
to estimate the signal variances in each oriented subband. We 298
generalized here this idea for the proposed implementation 299
of the 2-D-HWT associated with pmMAPf, using constant 300
array elliptic estimation windows with their main axes oriented 301
following the directions ±atan(1/2), ±π/4, and ±atan(2).
302
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255

the clean image standard deviations [given in (9) and (11)], it 285
can be observed that the absolute values of those sensitivities 286
increase with the increase of σ̂n and with the decrease of σ̂u , 287
respectively. These behaviors must be counteracted. A solution 288
is the use of a denoising algorithm in two stages [31].
289

C. Proposed Denoising Method

303

First stage: After applying the pmMAPf in the HWT do- 304
main, using elliptic estimation windows, a first partial result 305
ûHWT−MAP
is obtained. The local standard deviation of each 306
l
pixel is computed into a rectangular window of size 7 × 7, 307
obtaining an image stdev that will lead the entire algorithm. To 308
further enhance the denoising process, the image stdev is used 309
as follows. The maximum local standard deviation stdevmax 310
is extracted and used to segment this image. Two classes are 311
obtained, with elements separated by a threshold equal to 0.1 312
stdevmax . These classes are used as masks. The second class, 313
containing the higher values of the local standard deviations, 314
is associated with the first partial result. Pixels, having the 315
same coordinates as those belonging to the second class, are 316
transferred into an intermediate result
317
inresl (i, j)

ûHWT−MAP
(i, j),
l
=
0,

if stdev(i, j) > 0.1stdevmax
otherwise

where l = 2, . . . , 10 vanishing moments.
Second stage: The adaptive stf is applied in the DWT domain
for the same input image (using the same mother wavelets),
obtaining a second partial result ûDWT−stf
. The intermediate
l
result will be completed with the pixels of the second partial
result having the same coordinates as those belonging to the
first class of the stdev image
inresl (i, j)
 HWT−MAP
(i, j)
ûl
=
ûDWT−stf
(i,
j)
l

318
319
320
321
322
323
324

if stdev(i, j) > 0.1stdevmax
otherwise

where l = 2, . . . , 10 vanishing moments.
325
Third stage: A way to reduce the sensitivity of the denoising 326
results with respect to the mother wavelet selection is the 327
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TABLE I
COMPARISON OF THE CONTOUR TREATMENT OF THE PROPOSED
DENOISING METHOD AND ITS COMPONENTS

TABLE II
COMPARISON OF THE HOMOGENEOUS-REGION TREATMENT OF THE
PROPOSED DENOISING METHOD AND OF ITS COMPONENTS (R)

f ires(i, j) = (1/9)

10


inres1 (i, j).

l=2

333

D. Simulation Results

In the following, some simulation results obtained using the
image Lena (size 512 × 512) perturbed with additive white
336 Gaussian noise are presented. Three types of results were
337 considered. The association of the first and third stages
334
335

good-quality treatment (the denoising preserves the contours). 353
The results obtained are presented in Table I. The best results 354
are obtained using the monowavelet parametric method (Best 355
par.) when the mother wavelet Dau8(l = 8) is used, followed 356
by the results obtained using the method Prop. The quality of a 357
homogeneous region denoising can be measured by computing 358
the ratio of the square of its mean and its variance R. The 359
corresponding simulation results can be found in Table II. 360
The best method is the monowavelet nonparametric one (Best 361
non-par.), when the mother wavelet Dau6 is used, very closely 362
followed by the method named DWT–adaptive stf and the 363
method Prop.
364
The second set of simulations is presented in Table III, and it 365
refers to the PSNR enhancement. Let s and ŝ be the noise-free 366
(original) and the denoised images. The root mean square of the 367
approximation error is given by ε = ((1/N )Σq (sq − ŝq )2 )1/2 , 368
where N is the number of pixels. The PSNR in decibels is 369
PSNR = 20 log10 (255/ε). The best results are obtained using 370
HWT–pmMAPf, which outperforms the results reported in [31] 371
and [33], proving the efficiency of the proposed MAP system. 372
These results are followed by the results of the method Prop. 373
In fact, these results are comparable (slightly better) with the 374
results obtained using another WT with enhanced directionality, 375
i.e., the contourlet transform associated with a filtering method 376
using directional estimation windows, reported in [32]. From 377
the PSNR enhancement point of view, the denoising methods 378
proposed in this paper are slightly inferior to the best results ob- 379
tained in [26]–[28]. The images corresponding to σn = 35 are 380
presented in Fig. 4. The visual aspects of the results obtained are 381
satisfactory: the noise was completely eliminated, the contours 382
are highlighted, and the homogeneous regions are uniform.
383
It is also interesting to evaluate the various denoising meth- 384
ods by the computation time. In this respect, the three pro- 385
posed denoising methods are classified in the following order: 386
DWT–adaptive stf, HWT–pmMAPf, and Prop.
387
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diversity enhancement. The first two stages are repeated for
each of the nine mother wavelets from the family proposed by
Daubechies (having a number of vanishing moments between
331 two and ten), obtaining nine intermediate results. The final
332 result is obtained by computing their mean
328
329
330

ûHWT−pmMAPf (i, j) = (1/9)

10


ûHWT−MAP
(i, j)
l

5

IV. C ONCLUSION

388

l=2

338
339

is denoted by HWT–pmMAPf in Tables I–III. DWT–adaptive
stf refers to the combination of the second and third stages
ûDWT−adaptive stf (i, j) = (1/9)

10


ûDWT−stf
(i, j).
l

l=2

The complete denoising method based on the association of
all of the three stages produces the ﬁres and is named Prop. in
the following.
We consider two types of simulations. The first one refers to
344 the visual aspect of the image, while the latter focuses on the
345 peak signal-to-noise ratio (PSNR) enhancement.
346
Generally, an image contains three types of regions: con347 tours, textures, and homogeneous areas. We propose new mea348 sures of the contours and homogeneous region degradations
349 due to denoising. First, the contours of the useful component
350 of the input image and of the denoising results were detected,
351 and the absolute values of the sums of contour approximation
352 errors were computed. A small value of the sum indicates a
340

341
342
343

The HWT is a very modern WT as it has been formal- 389
ized only two years ago [12]. In this paper, we have used a 390
simple implementation of this transform, which permits the 391
exploitation of the mathematical results and of the algorithms 392
previously obtained in the evolution of wavelet theory. This 393
implementation has a very flexible structure, as we can use any 394
orthogonal or biorthogonal real mother wavelets for the com- 395
putation of the HWT. We have preferred a denoising strategy 396
based on diversity enhancement, on a simple MAP filter and on 397
the estimation of the local standard deviation using directional 398
windows. The simulation results in Table III illustrates the 399
effectiveness of the proposed association HWT–pmMAPf.
400
To appreciate the contribution of the new implementation of 401
the HWT and of the proposed MAP filter, Table III compares 402
the method HWT–pmMAPf with the denoising association 403
DWT–Wiener filter based on the genuine use of directional 404
estimation windows [31]. Our results are slightly better.
405
Two new ideas have been proposed in this paper. The first 406
one refers to the diversity enhancement. Its useful effect is the 407
increase of 0.6 dB of the output PSNR of Prop. with respect 408

6
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TABLE III
COMPARISON OF THE PSNRS OBTAINED USING DIFFERENT DENOISING METHODS REPORTED IN THE REFERENCES INDICATED (IN DECIBELS)

empirically chosen). Finally, we will find better solutions for
the intermediate-result synthesis.
The comparisons made in this paper suggest that the new
image denoising results are competitive with some of the best
wavelet-based results reported in the literature, despite the
inaccuracy of the statistical model used.

418
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Fig. 4. Top: Noisy image. Bottom: Denoising result (Prop.).

to the best monowavelet intermediate result. The drawback of
the diversity enhancement is a slight degradation of the visual
aspect quality. The second new idea proposed is the cooperation
412 between a parametric and a nonparametric denoising technique.
413 Despite the small output PSNR reduction, the hybrid approach
414 (Prop.) enhances the visual aspect of the HWT–pmMAPf.
415
A future research direction will be the speed optimization of
416 our codes. Another research direction will be the segmentation
417 threshold selection optimization (the value 0.1 stdev has been
409
410
411
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