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ABSTRACT:

This paper actually developed to decrease noiseintro-
duced or exacerbated by image enhancement methods
in the system, this algorithms is based on the random
spray samplingtechnique. According to the nature of
sprays and outputimages of spray-based methods tend
to exhibit noisewith unknown statistical distribution in
this process.hense to avoid inappropriateassumptions
on the statistical characteristics of noise in the system,
a differentone is made here the non-enhanced image is
considered to beeither free of noise or affected by non-
perceivable levels of noise in the system. Here, taking
advantage of the higher sensitivity of the human vi-
sualsystem to changes in brightness and the analysis
can be limited tothe luma channel of both the non-en-
hanced and enhanced image process.

Also, given the importance of directional content in hu-
man vision in the system.thenthe analysis is performed
through the dual-tree complex wavelettransform
(DTWCT) in this method.it unlike the discrete wavelet
transform method. herethe DTWCT allows for distinc-
tion of data directionality in thetransform space in this
method. For each level of the transform. Actually, the
standarddeviation of the non-enhanced image coef-
ficients is computedacross the six orientations of the
DTWCT and then it is normalized in this method.

The result is a map of the directional structures present
inthe non-enhanced image in this method. Said map is
then used to shrink thecoefficients of the enhanced im-
ageinthismethod. In this paper, the shrunk coefficients
andthe coefficients from the non-enhanced image are
then mixed. Finally, a noise-reduced versionof the en-
hanced image is computed via the inverse transforms
of the given data.In this paper, the numerical analysis
of the results has been performedin order to confirm
the validity of the proposed approach in the system.
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So, this paper presents details of some significant work
in the area of image denoising of the data. Then, some
famous approaches are classified into different groups
and an overview of various algorithms and analysis is
provided for this process.

Index Terms:

Dual-tree complex wavelet transform(DTWCT), image
enhancement, random sprays, shrinkage,wavelets, im-
age denoising.

I. Introduction:

Although the field of image enhancement has beenac-
tive since before digital imagery achieved a consumer-
status, it has never stopped evolving. In this process,
the recent work introducesa novel multi-resolution
denoising method tailored toaddress a specific image
quality problem that arises whenusing image enhance-
ment algorithms based on random spraysampling in
this system.it is inspired by the peculiar problem of
suchmethods, the proposed approach also works for
other imageenhancement methods that either intro-
duce or exacerbatenoise of this process.

In this method the work builds and expands on a pre-
vious article [1]. At this stage, among image denoisin-
galgorithms the multi-resolution methodshave a long
history of the system. In this, a particular branch is that
of transformspace. Among this, someof the most com-
monly used transforms for shrinkage-basedreduction
of noise are the Wavelet Transform (WT) [5]-[7] and
the Steerable Pyramid Transform [8]-[10] of this sys-
tem.In this paper the ContourletTransform [11]-[12].
According to the subject over-completeness is anim-
portant characteristic as it is usually associated with
theability to differentiate data directionality in the
transform space of the system.
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Generally, independently of the specific transform
used and the generalassumption in multi-resolution
shrinkage is that imagedata gives rise to sparse coef-
ficients in the transform space.so, denoising can be
achieved by compressing (shrinking)those coefficients
that compromise data sparsity of the process. Such-
process is usually improved by an elaborate statistical
analysisof the dependencies between coefficients at
differentscales. Here the traditional multi-resolution
methodsare designed to only remove one particular
type of noise. In this process anddue to the unknown
statistical propertiesof the noise introduced by the use
of sprays then traditionalapproaches do not find the
expected conditions of the process, and

thus theiraction becomes much less effective process.
In this technique, the proposed approach still performs
noise reduction viacoefficient shrinkage and yet an ele-
ment of novelty is introduced in the form of partial ref-
erence images of the noise reduction method.Actually,
having a referenceallows the shrinkage process to be
data-driven system. A strongsource of inspiration were
the works on the Dual-tree ComplexWavelet Transform
by Kingsbury. the work on theSteerable Pyramid Trans-
form by Simoncelliet al. [8] and thework on Wavelet
Coefficient Shrinkage by Donoho and Johnstoneof this
paper. Fig. 1shows the differences between traditional-
noise-reduction methods.

Traditional denoising

Input img.
(noisy)

Denoise OUPUt img.
| (noise free)

Proposed method

Input img.

(noise free)

‘

‘ Enhanca L
S RIRL™ 1 L L

) Enhanced
img. (noisy)

v

o Ouput img.
‘ Denoise J—' (noise free)

N

Figure 1.High-level flow charts for traditional noise-reduction methods and the proposed one. It is evident that
the scope of application is different, although the goal is the same.

Il. System Description:

A. RSR and RACE:

This Section, describes the process of random spray
sampling,thenintroduces Random Spray Retinex (RSR)
andRACE. The two algorithms that utilize said sampling
method.RACE (crasis of RSR and ACE) is the fusion of
RSR and anadapted version of Automatic Color Equal-
ization (ACE) of the system.Random spray sampling
was first introduced by Provenziet al. [2] as an elabo-
ration over the physical scanning structuresused by
Land and McCann in the original Retinex work of the
system.
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B.Proposed System:

The main idea behind this work can be explained as-
follows: directional content is what conveys informa-
tion tothe Human Visual System. thstatement given is
backed up by past
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Figure 2. “Multiple shapes” test image. Histograms for the different areas after enhancement with four different
algorithms. Plots have been centered around the mean for sake of comparison.
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Figure 3.. “Big square” test image. Histograms for the different areas after enhancement with four different al-
gorithms. Plots have been centered around the mean for sake of comparison.

researchsuch as the Retinex theory as well as the high-ordergray-world assumption. So, in particular the local

white patch effect described by Retinex comes intoplay when, for a given channel. In this process, the scanning

structure samplesa positive intensity change. In this process the geometrical reasons and intensity changes of a
directional nature are more easilycrossed than point-like structures such as noise.

Volume No: 2 (2015), Issue No: 5 (May) May 2015




<
5/
-4

&
¥
~
&
I
£
2 \E

mhmuﬁ

ISSN No: 2348-4845

International Journal & Magazine of Engineering,
Technology, Management and Research

B\ 1 A Peer Reviewed Open Access International Journal
0,

Algorithm 1 Algorithm for Proposed Noise-Reduction
Method
Eggp « enhance(lpgg)
lycper < rgb2ycber(lpGR)
Eycocr + rgblycher(Eggp)
Yy < Y channel of Iycpcr
(', ey « dtewt(¥y)
Yi « Y channel of Eycper
repeat
(bE, cEy « dtewt(Yr)
for j=1— Jdo
fork=1—=06 dll
ejk (b H} +(f”}
end for
W) J'J]J'J][SIdkdﬂ'-"(!'-’j‘R}1 mﬁ‘gi&ﬂ(ﬁ'.k% 1)
for k =]1=6 dll
BE k — w; - bE +( —wj)- f?!

- Yp is iteration dependent

E{;‘k-{—u:l_'. cr”‘+(l—wj} Cik
rjkc—ord(b
lfr kEJlI 2} then

= Rank of bj:‘k

{ “ b;" & Shrunk coefficients from Yr
ik <
else
; 1,; t= Coefficients from Ty
Cj k — .'_"JI k
end if
end for
end for
AN

Y < idtewt(h?, ¢?) - Inverse DTCWT
until ssim(Y;, Vi) < 0.001
Oycper = concat(Yg, Ecpey)

Orezr = veber2rebl Ovenee)

& Yp as in last iteration

Figure 4. Algorithm for noise reduction method

Theproposed method revolves aroundthe shrinkage
data directionality and wavelet coefficients gener-
ated by the Dual Tree Complex WaveletTransform.
The DTCWT is chosen for the ability to distinguishdata
orientation in transform space, its relative simplicity
andother useful properties. Finally, a fundamental as-
sumption is made: the input imageis considered to be
either free of noise, or contaminated byno perceivable
noise. In this process, if such an assumption holds then
inputimage contains the information needed for suc-
cessful noisereduction.The algorithm for the proposed
method is given asAlgorithm 1. For ease of reference,
a visual description is alsogiven in Figure 5. The follow-
ing subsections explain the detailsof the shrinkage pro-
cess and the tests performed to optimizethe algorithm
parameters of the system.
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Figure 5. Proposed method flowchart(a) is performed

per level of the decomposition. (b) Directional energy

map is first computed as the standard deviation of

sum-of-squares of the coefficients. A weight map is

then obtained by using the Michaelis-Menten func-

tion for normalization (c) Weight map is used to scale
the coefficients of theenhanced image.

IlIResult analysis:

The proposed method of this paper, wedevised a set
of five different tests and performance assessmentin-
cludes scanline analysis then quality metrics compari-
son and subjectiveevaluation and panel tests in the
system.
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Figure 6. Proposed denoising method applied to histogram equalized images. In this case, either grain or com-

pression noise is already present in the nonenhanced images and exposed by histogram equalization. The pro-

posed method effectively reduces both, while still maintaining sharp edges. (a) Girl, original.(b) Girl, histogram

equalized. (c) Girl, denoised with J = 2. . (d) Tiffany, original. (e) Tiffany, histogram equalized. (f) Tiffany, denoised
with J = 2.

1) Required Test on Difficult Images for RSR: here, we
first used theproposed method on two images taken
from the work onRSR [2] which happened to trigger
the appearance of noise in the data.

The images, their enhanced versions and the noise
reducedresults are shown in Figure 5. Scanline data is
also given inFigure 6.(a)-(b).here, the proposed de-
noising method respects thedesired behaviour and
shows good performance of the system.
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Conclusion:

According to the paper, the given work presents a
noise reduction method based onDual Tree Complex
Wavelet Transform coefficients shrinkage method.
here, theproposed method produces good quality
output and removingnoise without altering the under-
lying directional structures inthe image process. It is
designed to tackle a quality problemspecific to spray-
based image enhancement methods and theproposed
approach also proved effective on compression andla-
tent noise brought to the surface by histogram equal-
ization of the system.
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