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ARTICLE INFO ABSTRACT
Article history: Image enhancement plays a vital role mage processing technique. This pe
Received 10 December 2015 presents a Novel method for image enhancement bgneh division method usir
Accepted 28 January 2016 discrete shearlet transform gpdrticle swarm optimizatic algorithm. In this proposed
Available online 10 February 2016 algorithm, the RGB image converted into HSI (Huetuation and Intensity) modt
where as Intensity and Hue colour considered fagenenhancement after convers
Keywords: The Hue component decomposed into  directionatfficient by discrete shearlet
Channel division method, Discrete transform. The higher directional coefficients ateninated as it causes artifact ¢
Shearlet Transform, Higher unnatural efforts in a image and the intensity congmts of image is contrast enhan
directional  co-efficient,  Particle by using PSO Algorithm. The performance of the psggimage enhancement method
swarm optimization Algorithm. is compared with existing histogram equalizatiod drscrete shearlet transform ba

image enhancement. The result of the proposed wmhetichieves satisfacto
performance in visualization.

INTRODUCTION

Contrast enhancement, a process applied on imaigerease their dynamic range. This can be dorma!
several contrasinage enhancement techniques. An effective andlsiaigorithm for this purpose is histogr:
equalization (Gonzalez, R.C2006. An improvedversion of histogram is adaptive histogram equabne
techniques has been proposeédirfe, A., W. Hudu, 2000)which brings a limited improved, because fi
contextual regions cannot adapt to features ofewfft size. To overcome this limitations anothenre
advanced enhancement algorithms Automweighting mean separatdtstogram equalization and is or
suitable for gray scale image Consequently, moraptex method is the multi scale retinex (MSR) aildpon
(Jobson, D.J., 1997The fast version of ttMSR (Jobson, D.J., 1997) is defined by
le = ¥n-1(log(D) — log (LPFn(I)) 1)

Where LPFn(.) is the"how pass srtial filtering function I is the image to be enhance, is the enhanced
image. Several methods gmoposec(Orsini, G., 2003; Watanabe, T., 20@6)improve image enhancement
using MSRnevertheless, method based on the MSR have higpbwtational complexity. Another widely us
method is image enhancement by using Directionavéléa Transforn(Heric, D., B.Potocnil, 2006), which
has two disadantages of shift invariance and poor directiona#vity for diagonal features. Another efficie
method is enhancement using Discrete Shearlet forans(Premkumar, S., K.AParthasaratt 2014) and is
only enhanced the contrast colour of an im

Different Genetic approaches have been appliednfiagé contrast enhancem¢Munteanu C., A. Rosa,
2000; Gao Qinging,)The proposed method in is based on a local eenagtt technique. In this meth
transformation function is adapted using a geradgorithm. In another genetic approach, the relatiostsveer
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input and output gray levels are represented opkuip table (LUT) (Saitoh, F., 1999). These relaibetween
gray levels are determined based on a curve bynateAlgorithm.

An novelparticle swarm optimizatioapproach is based on a Simulated Annealing PSOriftgn, is used
to find the best gray level to enhance the origingdge. In this paper we proposed an efficient wetfor
contrast image enhancement method based on DiShetrlet Transform and PSO Algorithm.

This paper is organized as follows section Il déss the channel division method, section Il exms the
PSO approaches for proposed method. Section I¥sgan introduction to DST, Section V gives detafls
proposed approach is presented. Section VI preseststs that illustrate the effectiveness of thethod and
compared with previous methods. Finally we conclilnie paper in section VII.

Channel Division Method:

Channel division method is the process of mertjiregl.ocal Contrast Indicator (LCI) i.e. groupinght@st
pairs in to channels. To do this first the origimahge is split into regions of hue (H), saturat{8h, intensity (1)
using ad hoc transformation which is based on médion from contrast of textured and boundary negio
Proposed algorithm is only applied to the Hue amigrsity (I) region and at the same time Saturaifon
maintained constant until merging. Contrast is dodg contrast pairs because of its inspiration st it
spreads over the dynamic range of intensitiesnéity channels are building blocks of region chéuinat can
be used to control the interference and overlapootrast pairs. In region channels, channels asepgd to
simulate the human visual characteristics withtaof#ransformation functions which enhances thehdeage
particular characteristics and merge the processlteeto reduce artifacts. To adjust final transfation for
enhancing the image this method uses channel aiivisnd mixture process. Contrast pairs are usexotdel
the intensity difference between two pixels.

Simulated Annealing PSO Algorithm:
A. Classical PSO algorithm:

PSO is an evolutional computation algorithm - megd by Kennedy and Eberhart in 1995 - which
simulates birds’ behavior of foraging. Similar tengtic algorithm, PSO is an optimization algoritbased on
iteration. Compared with the genetic algorithm, Pi&3 the advantage of simple and easy to impleimgoht
there is no need to adjust many parameters. Naswiidely applied to optimization function, neurstwork
training, fuzzy system control and other applicagiof genetic algorithms.

As an evolutionary computing, PSO algorithm carchleulated based on individual fitness of parsicla
it, each optimization problem can be seen as tlatitpe” in the search space, and each “partices two
properties: on the one hand, it has self-naturégiwimeans that it can judge the speed and posifitime flight
according to self-experience; on the other hanldasdt sociality - they can adjust their flight speadd positions
according to the flight of the surrounding particleTherefore, “particles” look for the balance betw
personality and sociality in flight (Zhang Lili, @@). Each particle has a adaptive value decidedptiynized
function and a speed which determines its fligheéction and distance. After that, particles will ibdterative
search for the optimal value following the currbast particle in the n-dimensional space.

PSO initializes a group of random particles (randkolutions), and then find the optimal solutiorotigh
iteration. In each iteration, each particle updétssf by tracking the two "extreme ": the first the optimal
solution found by the particle itself (individuatteeme pBest ), the other is the best current soligought out
by the whole population (global extreme gBest ).&Wliinding these two optimal values, the participsate
their own speeds and new locations according tdéaf@ving formula.

Let Xi= ( X1, %2 ,..-, %n ) be the current position a\?fp= (vi 1V 2. ....¥i n ) be the current speed for the
particle i . Inthe process of evolutionary, the current best jgsis recorded aB; = ( Pi1 s Pi2 »eeer pin) among the

history of the particlé , and the global best position of all particleseisorded ag, = ( PgisPg2i pgn) .To
improve the convergence, Y Shi and RC Eberhatifiratroduced inertia weight in rate evolution adjon in
1998, so the PSO algorithm equation can be desteabe

v D) =an; () + eru(pdd—x (D) + e (g (1) = x;: (1))- @)

(t+)=x(t)+v(t+1). 3)
Where,w is called inertia weight, used to achieve thebe¢ between global search and local capacity of
development. r1, r2 are random numbersa@nch are learning factors.
In (9), the first part is the inertia velocity thfe particle; the second part displays particledgments made
by its own experience; the third part is the greugxperience - sociality. The weight determinegiapsearch
capabilities of particles.
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B. Simulated Annealing:

SA, originally proposed by the Kirpatriek al, can be used to solve combinatorial optimizatiosbfems,
or NP complete problem. Taking random into accotimns method makes the system "jump" out of local
minimum, and it continues to search for global minim search during searching for global minimunth#y
may not "jump"” local minimum, the local minimum Wide the final results by the iterative search radth
(Fredric, M.,).

During the optimization, simulated annealing firstletermines the initial temperature, and randomly
selected an initial state and inspected the obgdtinction value of the state. Secondly, a smaltysbation is
added on the current state and the objective fomotalue of the new state is calculated. We wilegnt the
good point with probability 1 and a lower point vipprobabilityP, as the current point until the system cooling.
Simulated annealing may achieve the global optinvatoe with probability 1 when the initial tempenaus
high enough and the temperature dropped slowly gilmoihis method has the ability to jump out of loca
optimal solution because of acceptance its poartp@it some probability.

C. Simulated annealing PSO algorithm:

Similar to other global optimization algorithmsgegenetic algorithm), PSO also exists the phemomef
premature convergence, especially in the more caxnplulti-peak searching problems. Currently, ihis main
method to solve this problem to increase the sizgadicle swarm. Although this is a certain impeavent on
algorithm performance, drawbacks remain equallystFiit can't overcome the fundamental problem of
premature convergence; secondly it will roll upcalthm complexity.

Simulated annealing PSO algorithm takes partiglarsn optimization algorithm as the main body and
introduces simulated annealing mechanism. Thederlibe ability of particle swarm optimization atgbm to
get over the local minimum points and also imprthe convergence speed and accuracy. The primacggsp
firstly, generates the initial population randomthen updates the individual and global extremescach
particle, and then updates the position and velaxfittach particle by equation of PSO algorithrmaliliy, we
will carry simulated annealing separately on thdidual and make the results as the individuath@ next
generation groups (Gao Ying Xie Shengli, 2004).

D. Parameters and settings:

e C1,Care learning factors, usually settiog=c, = 2.

* Yetin rest literatures, there are other valued,ganerallygc, is equal tac, and both are between 0 andc4.
reflects that the best location in particle’s meynaffects the flight velocity of the particle iright, known as
“"cognitive factor";c, reflects that the best position which the entibpydation of particles can remember in the
flight affect flight velocity of particles, calletsocial learning factor".

w is called inertia weight, used to achieve theabed between global search and local developm@micis.
And Y Shi and RC Eberhart showed that it can gétebeesults through experiments whemlecreases linearly
with the increase of generation. Let., be the largest weighting coefficiem,,, be the minimum weighted
coefficieng, run be the current iteration amidh,.,, be the total number of iterations for the algamtirhere are:

W= mzx — run (wmax_ CWhin )/{yﬂm

“4)
* Number of particles: generally 20 - 40. In fact,f0ticles have been enough to good results fot ofake
problems. But for the more difficult problems oresfiic categories of problems, the number of pksican
take up to 100 or 200.
* Maximum speed/ . : determine the largest distance particle can waécircular movement.
*  Termination condition: the maximum number of cyces the minimum error.
* The length of particles: determined by the optimaproblem. That is the length of solutions. Tisig, b,
c and k.
 Range of particles: determined by the optimizagpwoblems, and each dimension can be set different
ranges. Refer to (Zhang Lili, 2007),

a[0,1,5].5 [0,0.5].c [0.1],k [0.5.1.5].

Cooling temperature coefficiel@ : it is more probable to converge to the globaliropl value at the
probability 1 when C becomes smaller in the caaeittitial temperature T is high enough.

Discrete Shearlet Transform:
The proposed contrast image enhancement is baseéw multi-scale directional representations dalle
N—:LN—l}

the shearlet transform introduced in. Al* N image consists of a finite sequence of val{dsy, n2]rl =0
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whereN ON. Identifying the domain with the finite groux)ﬁ, , the inner product of image y : Z,zV - Cis
defined as

N-IN-1 -
()= X Xuvyuv) (5)

u=0v=0
. of (R2) is| 2 2 . : 272 o .
Thus the discrete analog of (R“°) isl “Z N - Given an imagef O1°(ZY ), let f[k,k,] denote its 2D

Discrete Fourier Transform (DFT):

0 1 N ~2Mi( Lk + ko)
f[kl.kz]=ﬁ z g[rl. ple NN
,NR=
m.n2 (6)

The brackets in the equatiof§l] denote arrays of indices, and parenthe§gly denote function
. . . ] a . .
evaluations. Then the interpretation of the numb%u@kz] as samplesflk, k,]= f(k ky) IS given by the
following equation from the trigonometric polynorhia

O 2niLa+Ls)
f(&. &) = Zﬂqnz]e NN

m.n2=0 (7)
First, to compute
D - 4~ 4.
fEL&N@ 26272 8) ®)

In the discrete domain, at the resolution lejvglthe Laplacian pyramid algorithm is implementadtie
time domain. This will accomplish the multi scalerfition by decomposin@eﬁ_l[nl,nz],Os n,np <Nj -1,
into a low pass filtered imagft;lj [m,n5], a quarter of the size olfaj'l[nl,nz] ,and a high pass filtered image
fq n;,n,] .Observe that the matrixt [, ny] has size Nj*N; ,where N; =272IN and

fao[nl,nz] = f[ng,ny] has sizeN* N . In particular,

fa@é)=fELENE@E27E) ©)
Thus, fdl'[nl, np] are the discrete samples of a functigpxl, x,], Whose Fourier transform ?%(51,52). In

order to obtain the directional localization the TDBn the pseudo-polar grid is computed, and thea on
dimensional band-pass filter is applied to the congmts of the signal with respect to this grid. Bprecisely,

the definition of the pseudo-polar co ordinafeisv) OR? as follows:

0= @Dt 6 00, (10)
0= 6 €60y (11)
After performing this change of co ordinatg§,(u,v) = fD:, (é1,&,)1s obtained and foe - 5 2 -1:
(@6 =VE I 622 HWD (E8)
(12)

= g (uvW(Ev-1)

This expression shows that the different dire@locomponents are obtained by simply translatirg th
window functionW .The discrete sampleg;[ny,n,] = g; (ny, ny) are the values of the DFT 0&’ [M.n;]Jona
pseudo-polar grid. That is, the samples in theudeegy domain are taken not on a Cartesian gridalmitg
lines across the origin at various slopes. Thisbieen recently referred to as the pseudo-polar @i may
obtain the discrete Frequency valuesfg‘fon the pseudo-polar grid by direct extraction ugimg Fast Fourier
Trans-form (FFT) with complexn@N logN or by using the Pseudo-polar DFT (PDFT).

Proposed Method:
The proposed contrast image enhancement appreawpDST and PSO is shown in Fig 1. It includes
* RGB to HSI Conversion
* DST Decomposition
* Intensity values are modified by Simulated anngaf$O Algorithm.
* DST Reconstruction
* HSIto RGB conversion
Fig 1. shows the DST and PSO based proposed ierdgacement approach.
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The input RGB image is initially, converted int&Hmodel. Further hue and intensity componentsuaeel
as the inputs for the proposed resolution enhanceprecess. Hue is decomposed by DST at 2 levdls 2vi
directions, which produces five shearlet bandsludes four higher sub-bands and one lower sub-bahd.
decomposed lower frequency is alone taken int@tiseunt for inverse shearlet transforms. Then gitgralues
are transformed by using Simulated annealing PSg@r&hm. Finally, the HSI model (modified Hue bySD
and modified Intensity values by PSO and preseBadration) which are converted into RGB modeltitam
enhanced image.

Experimental Results:

In this section, to demonstrate the performancethef proposed algorithm, the proposed method is
compared with other image enhancement techniquesrims of ability in contrast and detail enhancetmére
proposed method to produce natural looking imaljetogram equalization, are contrast enhancemettiads
which are used for comparison. In this study, theppsed method was simulated on 512 * 512 imagds an
comparison of various enhancement is shown in Figi@ 2(a) Input Image, Fig. 2(b) Histogram equatiian
image result, Fig. 2(c) Discrete Shearlet transfogsult, (d) Proposed Technique result.

RGE iopst lmage
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ET Find the group of
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(©) )

Fig. 2: Comparison of proposed technique with Histogramadéigation method and DST (a) Input Image (b)
Histogram equalization image (c) Discrete&tet transform (d) Proposed Technique

Conclusion:

A novel approach for image enhancement has beepoged in this paper based on discrete shearlet
transform and Genetic Algorithm. Initially, the oolimage converted into HSI model. In order to ioya the
contrast of the image, the hue colour and intensitgnnels only considered. The shearlet decomgnsiti
produces and low and high directional sub bandtherhue channel. The lower directional sub bangé for
inverse shearlet transform to reconstruct the Hamneel. Intensity value is transformed by Genefigofithm
and saturation is preserved. Then, the enhancedeirisa obtained by converting HSI to RGB model. The
satisfactory result is achieved from the propos&d ind GA based image enhancement approach.
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