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Abstract — In digital image processing, image enhancement s=T(r) (D)
plays a vital role. A new algorithm is proposed irthis paper, ~ whereT is a transformation that maps a pixel valieto a
which utilises genetic algorithm integrated with acptive pixel value s The results of this transformation are
histogram equalization to enhance the results.Genetic mapped into the grey scale range as we are delaing
algorithm has ability to find optimistic adjustment factor for only with grey scale digital images. So, the resulte

better image enhancement. Therefore provides more . _
optimistic results than available methods. Also toreduce mapped back into the range [0, L-1], where L=2keing

ringing artifacts further adaptive histogram equalization is the number of bits in the image being considereat. F
used. The main scope of this work is to apply proped instance, for an 8-bit image the range of pixeliealwill
technique for colored infrared images. The design ral  be [0, 255][3].

implementation has been done in MATLAB using image

processing toolbox. The comparison among the geneti II. METHODS OF | MAGE ENHANCEMENT
algorithm and proposed technique has shown that the
proposed technique outperforms over the genetic abgithm

based image enhancement. The enhancement methods can broadly be divided into

the following two categories:
Keywords — Genetic Algorithm (GE), Image Enhancement *  Spatial Domain Methods

(IE), Transform Domain. * Frequency Domain Methods
a) Spatial Domain Methods
|. INTRODUCTION A spatial domain technique directly deals with the

image pixels. The pixel values are manipulatedctoeve
Image Enhancement is the phenomenon of transformidgsired enhancement. Spatial domain processes are

a picture so that the impact is more effective tila@ denoted by the expression
actual for particular applications. Image enhancegme a(x,y)=P[f(x,y)] 2)
methodologies upgrades the picture’s contrasthbmass where f(x, y) is the input image, g(x, y) is theogessed
properties, removal of its noise contents or sharpe image, andP is an operator orf, defined over some
detail. Image enhancement involves techniques teighbourhood of (x, y). In addition,dan operate on set
accentuate or sharpen the image features suchgas,edof input images, such as performing the pixel-byepi
boundaries or contrast to make a graphic displayemosum ofK images for noise reduction.
useful for display and analysis. Such images witodg b) Frequency Domain Methods
contrast and visual quality are required for alportant In frequency domain methods, the image is first
areas of image processing. The inherent informatidransformed into frequency domain. All the enhaneim
content is not increased by applying enhancemeoperations are performed on the Fourier transfofrthe
techniques but there is an increase in the dynesmige of image and then the Inverse Fourier transform ifopeed
chosen factors [6].It improves the quality of theage by to get the resultant image. These enhancementtupera
extracting critical details of the images to impgothe are performed in order to modify the image brigefme
interpretability or perception of the image for ram contrast or the distribution of the grey levels. As
viewers. Enhancement may be used to restore aneimagnsequence the pixel value (intensities) of th&pwtu
that has suffered some kind of deterioration dught® image will be modified according to the transforimiat
optics, electronics and/or environment or to enbhandunction applied on the input values|[3].
certain features of an image[26]. IE accentuates or

sharpens image features such as edge boundaries or I1l. GENETIC ALGORITHM
contrast to make a graphic display more benefitial
further image applications. GA is a biologically inspired optimization technigu

IE has been focused mostly to improve visual petwep proposed by John Holland in 1978[10]. The optaticn
of images that are unclear because of blur [2H..id techniques have rapid advancement in image progpssi
applied in every field where images are ought to bgpplications. The advancement of GA includes
understood and analyzed. It simply means, transfm hybridization with other optimization techniques dan
an imagef into image g using T. (where T is the transforms [11]. Genetic Algorithms are adaptiverisic
transformation). The values of pixels in imagesidg are  search algorithms based on the evolutionary idefas o
denoted by ands, respectively. The pixel valuesands natural selection and genetics. Genetic algoritsnthie
are related by the expression (1), type of Soft Computing method. The Genetic Algerith
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(GA) is a model of machine learning which derives i Population size says how many chromosomes are in
behavior from a metaphor of the processes of eoluh  population (in one generation).If there are only fe
nature[21] .A group of guessed solutions form achromosomes, then GA would have a few possibilties
population, whose first generation may be chosen perform crossover and only a small part of seapelte is
random. A second generation is formed by ‘matirgjrp explored. If there are many chromosomes, then GWssl

of the population to form ‘offspring’ solutions, én down.

allowing a mixture of the parents and offspringstovive b) Selection

to form a new generation .Usually those solutioméclv ~ The Selection operator determines which solutiares a

are fittest have a better chance of surviving. to be preserved and allowed to reproduce and wirieis
_ The_lfnalln. steps GAs arg[12]: _ _ deserve to die out. . The selection operator igfaty
i) Initializing the population of possible soluti® . formulated to ensure that better members of thellatipn

ii) Calculation of an evaluation i.e. fitness ftion that (with higher fitness) have a greater probabilitybafing
plays the role of the environment, rating solution selected for mating or mutation [13].
terms of their fitness. The primary objective of the selection operatorass
iii) Definition of genetic operators (selectiorrossover, follows:

mutation) that alter the composition of childremidg « To emphasize the good solutions and eliminate the

reproduction. bad solutions in a population while keeping the
iv) Establishing values for the parameters (pdjara population size constant. “Selects the best, discar
size, probabilities of applying genetic operatdtejt the rest” identifies the good solutions in a pofiata
the genetic algorithm uses. «  Make multiple copies of the good solutions.
GA's are a class of randomized, parallel search gjiminate bad solutions from the population so that
optimization procedures inspired by the mechanigfns multiple copies of good solutions can be placeth@

natural selection, the process of evolution [32]A.G population[31].
performs efficient search in global spaces to gegtimal c) Crossover
solution[19]. GA’s operate iteratively on a popidat of

h of which didhis Crossover is a genetic operator that combines two
structures, each of which represents a candidaiémsoto chromosomes(parents) to produce a new

the problem, encoded as a string of symbols (i.‘echromosome(offspring).It involves swapping of geioes
chromosome). A randomly generated set of suchgsmnSequence of bits in the sting between two

formshthfzrhinitialbpopulation _from which the_SA ?"E individuals[20].It occurs during evolution accordirto
search. Three basic genetic operators guide tagclse | oo efinable crossover probability.

selection, crossover and mutation. Evaluation ofhea d) Mutation

string is based on a fithess function which is b | luti L d
dependent .The fitness function determines whichhef In natural evolution, mutation is a random process
' where one allele of a gene is replaced by anotber t

candidate solutions are better. Selection prolsiniilly produce a new genetic struciure. In GA, mutation is

filters out poor solutions and keeps high perforoean : : o . .
X ; Lo LI applied with low probability, typically in the raag).001
solutions for further investigation. Mutation isvary low ad 0.01, and modifies elements in the chromosortes.

p;%%?g';;ya; F;i?ana?:oégit/g:&:zsc;zterz;gl?s gf ;;;}?Hlioit takes place after the crossover gets performed iand
9 ' P 9 iSprevent falling all solutions in population into chd

probability. In computer world, genetic material : .
replaced by strings of bits and natural selectigplaced optimum of the problem being solved.

by fitness function [16].

Genetic operators used in genetic algorithms miainta
genetic diversity. Genetic diversity or variatios a . )
necessity for the process of evolution. Based dividual 1) Cost Function o
fitness value, these algorithms use the operatatk as ~ The goal of GAs is to solve an optimization problem
selection, crossover and mutation to get the nefefined by parameter involved. The parameters are
generation that may contain chromosomes providetgeb ©Organized as a vector known as a chromosome. If the
fitness [20]. Genetic operators are analogous twseth chromosome has Ny, variables N dimensional
which occur in the natural world: optimization problem) given bg, p,, p;,...Q, then the

* Population size chromosome is written as an array witaN , elements .
* Selection

e Crossover
e Mutation In the case, the variable values are represented as

a) Population Size floating numbers. Each chromosome has a cost famynd

The performance of a GA is often sensitive to thEvaluating the cost function at the variables
quality of its initial population. The "goodnesst the  Pu: P2y Bssee-i Ry, -
initial population depends both on the averageeéinof  cost= f( chromosome (f,p ,p ,p.. p)
individuals in the population and the diversity the | .
population. Losing on either count tends to prodagmor 1) Initial Population
GA. To begin the process, an initial populationif,, must
be defined, a matrix represents the population wihh
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row begin alxN, chromosome of continuous valuesis developed. Experimental results show that SSteAly
[15] Given an initial population o, chromosome the better en_hancement than the SGA. . :

Erlanki et.al [14] proposed genetic algorithm based
full matrix of N ,,x N, random values are generated. Alimage enhancement algorithm to improve the images'
variable are normalized to have values betweerddlan  visual quality. The enhancement algorithm performet
i) Pairing and provided good results in terms of both lumiraacd

A set of eligible chromosomes is randomly seleaisd contrast enhancement.
parents to generate next generation. Each pairupesd  Saikrishna et.al [15] proposed a method based en th
two off springs that contain traits from each pard@e Primitives of color moments. In the method, an imag

more similar the two parents, the more likely ahe t divided into four segments and the color moments
offspring to carry the traits of the parents. extracted from the segments. The distance betwaeryq

iv) Mating image mean with the corresponding database images a
As for the binary algorithm, two parents are chosen Calculated by using Sum-of-Absolute-Differences.eTh
produce off springs; many different approaches men esults lead to the conclusion that the proposethode
tried for crossing over in GAs. The simplest metfimdo Pased on color moments shows better performancge tha
mark a crossover points first, then parents exchdhgir the local histogram method operators. _
elements between the marked crossover points in théorlinb etal [16] suggested a genetic algorithm for

chromosomes. Consider two parents as Quadratic Assignment Problem (QAP). In the proposed
- method the genetic algorithm incorporates many dyee
parent =[ Ry - R, ]

principles in its design and hence, it is referasch greedy
parent =[ Ry R, ] genetic algorithm.. The algorithm is tested on tak

Two offspring’s might be method be produced ad?enchmark instances of QAPLIB, a well-known librafy

offspring = 0 D D D D QAP instances. It is observed experimentally that af
PG =[ R Bz Ro R o Rorr R, | the 132 total instances in QAPLIB of varied siztte

offspring, =[ Ry Rz Re Rus Rs Re-r Ry, | greedy genetic algorithm obtained the best knoviutiso
v) Natural Selection for 103 instances, and for the remaining instarfersept
one) found solutions within 1 % of the best known

The extreme case is selectib,, points and randomly <o\ tions

choosing which of the two parents will contributis i  Usinskas et.al [17] explored genetic algorithmsthees
variable at each position. Thus one goes downitfeedf most powerful unbiased optimization techniques for
the chromosomes and, at each variable, randomlgselso sampling a large solution space. Because of untiase
whether or not to swap information between the twetochastic sampling, they were quickly adaptedniage
parents. This method is called uniform crossovaj.[1 processing.
vi) Mutation Verma et.al [18] discussed image contrast enhanteme
If care is not taken, the GA can converge too dyick in the spatial domain using genetic algorithm atsl i
into one region on the cost surface. However, sonextension based on population based incrementaditen
functions have many local minima. To avoid fas{PBIL). Experimental results indicate that if tine not
convergence, other areas on the cost surface naust donstraint then PBIL has better response as compare
explored by randomly introducing changes, or matetj GA.

in some of the variables. Genetic algorithm (GA) to solve the Travelling
Salesman problem with precedence constraints enddy
V. LITERATURE SURVEY Moon et.al [19]. TSPPC model using the two-commpodit

network flow model is developed. The main idea @& th

Daniel et. al [11] proposes an Optimum Green Plarffoposed GA is a topological sort (TS), which isirded
Masking (OGPM) using Enhanced Genetic Algorithm foPS an ordering of vertices in a directed graph. sfoall
the contrast enhancement of retinal images. Firstig and medium size problems, optimal solutions arainbtl.
proposed approach is evaluated using the standatd On @ larger size problem, the proposed GA approach
images and real time images. Finally the proposedenerates best solutions. The numerical experimsiue
approach is used for the enhancement of retinagéma that the proposed GA produces an optimal solutied a
Results are analyzed using various performance uness show_s better results as compared to the traditional
and OGPM shows better enhancement results. algorithms. _ .

Pal el.al [12] discussed genetic algorithm as asclsf ~ Sharma et.al [20] put forward and discusses apfiits
highly parallel adaptive search processes for sgha Of Genetic algorithm in different types of softwassting
wide range of optimization and machine learningéchniques such as white box testing, path testing,
problems. mutation testing etc. The GA is also used with juas

Sabbah et.al [13] proposed a method based on Steé{\lﬁﬂ as in the neural networl_<s in different typdédesting.
state genetic algorithm( SSGA), with modified figse !t 1S concluded that by using GA, the results ahé t
function to enhance the colored images and to geem Performance of various testing techniques are ingaio
accurate result by removing the noise. Steady StateVarious approaches based on genetic algorithm to ge
Genetic Algorithm (SSGA) based on Simple Genetithage with good and natural contrast is given bietéo.al
Algorithm (SGA) and Adaptive Genetic Algorithm (AGA [21]. The experimental results indicate that the
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optimization depends on the chromosome encodimixels of an image is applied. Its outcomes shioat this

scheme and involvement of genetic operators asagadn algorithm preserves the original image better aspared

the fitness function. However, it is observed tltla¢ to other techniques.

quality of image segmentation can be improved by Thien Huynh and Thuong Le-Tien [30] have provided a

selecting the parameters in an optimized way. method for preserving the intensity and visualfacts.
Furtadol et.al [22] discussed image classificatiging For sorting out the original histogram, intensifihe

Genetic algorithm. The use of different number laSses outcome has exposed enhanced the contrast and also

to classify an image shows not to be effective othee preserves the brightness. The outcomes proved the

pixels in some of the images can be noted. The simogvs technique superior to others methods in overadjtriess,

to interfere in the classification maximum scoréheT the discrete entropy, the local contrast.

experiment shows that the time seems to affect the

classification more than the number of classes. V. PERFORMANCE ANALYSIS

The validity and effectiveness of the alternateaty

valued Genetic AIgorithm Coding for structural slaap The various parameters such as mean square eeall, p

optimization is given by Woon et.al [23]. The demd signal to noise ratio, root mean square erroretior rate
method is able to identify and remove material hahot has been used for the analysis of images.

significantly contribute to stifness as well as adaterial 1 NMean Square Error Evaluation

to regions in order toffectively increase the structure’s |, image processing mean square error is the most
fitness with minimal cost to weight. The researdsoa general measure for performance measurement of the
underscores the ability of this method to desigith boexisting method and the coded images. It is
optimal local details as well as global shapes straightforward method to design system that deerd¢iae

Husainy [24] describes the application of Gen&igorithm  \SE put cannot capture the impurities like bluifacts.
for ~sound compression. Mixing GA with Vector | js computed by using Eq. (3).
M N

Quantization (VQ) method results in good enhancémen

for the performance of the proposed method by asing MSE = LZ Z(f(i’ i
the compression ratio and saving the SNR in the MN £ =
acceptable level. —£'(1,}))? 3)

Lakshmi et.al[25] deal with medical image enhana@me
using Genetic Algorithm (GA) and the Morphological
filter to sharpen the detected edges thus improvirey
contrast of the image. The proposed paper uses
concept of Genetic Algorithm which was proved totihe 2
most powerful unbiased optimization techniques for"
sampling a large solution space.

Mundhada et.al[26] describes image enhancemehias

Wheref (i, j) represents the original (reference) image
andf’ (i, j) represents the distorted (modified) image and i
nd j are the pixel position of the MxN image. MBE
owherx (i, )) =y (, j).

Peak Signal to Noise Ratio
Peak signal to noise ratio measures the degramaije
gistortion. It is used to measure the quality bemnvehe
task of applying certain alterations to an inpubaga to original_ im_age and compress_ed image. If the yalge 0
obtain a more visually pleasing image. The alterati PSNR is higher, then the quality of reconstructedde is

' better. PSNR represent the peak error. To measiwe t

usually requires interpretation and feedback frohuman . . . .
evaluator of the output resulting image. Enhancelsmer'?SNR first complete the MSE. Signal in the casanaige

. . IS the original data and when noise is introduaedhie
techniques such as alpha rooting operate on theftran . : X . i
. ' . image it becomes error. Peak signal to noise o be
domain.. However, these techniques bring aboutltona ;
. . alculated by using Eq. (4).
changes in the images and can also generate urdvante

2
artifacts in many cases. PSNR = 10.log,, (%)
Genetic algorithm used for the weights optimizatim MSE
a pre-specified neural network applied to decidewalue = 20.logy, (M*;X’) (4)
MSE

of hello interval of the Ad-hoc on Demand Distanc
Vector routing protocol of the Mobile Ad-Hoc is giv by 3. Root Mean Square Error

Dharmistha et.al [27]. Comparative analysis of thgo-rl;?eut;o%{f ,:Egagiﬁse?ggéz ::rr]%rn Isvaalug(senerrsg?/ctgcshfg o
algorithm with traditional trained ANN shows thdtet P 9 P y

difference between the two is verv much minomodel and values actually observed from the sudings
approximately less than 0.2. y that is being mod(_elled. The RMSE of a m(_)del totahw
Garg et al. [28] has provide that the differenf€SPect to the estimated varialdle, .; is defined as the

enhancement methods like gray scale manipulatioﬁ(,:Iuare root of the mean squared error by usingq.
filtering and HE are _used to enhancing an imagethis RMSE = \/ﬁ M Z]Nzl(f(i’j) — (1, )2 (5)
paper comparison different enhancement method$en t .
basis of the performance analysis methods like PSN&- Bit Error Rate _ _
MSE, NAE, CPSNR and normalized correlation is done. It is defined as the rate at which errors occurain
Roomi and Prabhu et al. [29] provided that for drett ransmission system. This can be_d|rectly_ trandlaéo
visualization of low contrast images contrast emeanent the number of errors that occur in a string of atest
method has been used .A new method of histogrfnumber of bits. The definition of bit error ratenche
equalization that tries to found foreground andkgasund ~ translated into a simple formula:
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Number of errors

BER (6) INPUT IMAGE B
1| \ |

Total number of bits sent

V. RESEARCH METHODOLOGY

Boundary

- amocthing 1>
image
‘ Genetic \4 Boundary APPLY
algorithm | [T Smoothin \ o ADAPTIVE
RGB/H 7 g N HISTOGR
sV \ AM

| EQuILZA

“w o

Adaptive
WHS Boundary TION

Genetic | 3 smoothing| .
aleorithm

Fig. 1. Flowchart of Proposed Algofthm

Step 1 Select an input image.

Step 2 Apply RGB 2 HSV TRNSFORM on an input
image. e
Step 3.Then apply weighted histogram equalization on §$
and V components.
Step 4. Then apply genetic algorithm based adaptivg
intensity transfer function on S and V, then do ritary
smoothing on H, S and V components separately.
Step 5.Then H,S, and V components will be fused mean|
to combine the decomposed image into a single Tinen
apply HSV2RGB transform. o -
Step 6. After that Adaptive histogram equalization _ “: ¢ ; m*
technique has been applied.

Step 7.Result has been shown in the form of enhanced
image.

Fig. 3. Experintal result of Imag 2

INPUT IMAGE BASE IMAGE RBPOSED IMAGE
7 " v — j y i

e o

VI. RESULTS AND DISCUSSION

In this research work, total 10 colored imageg
(natural and infrared) are taken in the database f
evaluating the algorithm. All images in databasetaken
in JPG format. The results of applying proposedgrated
AHE based GA method over the existing GA techniqu
has clearly shown in the form of images. These esagye
shown in fig 2.

The MATLAB software wused for algorithm
development works on a 2.53 GHz processor with 4 G
RAM. Table 1 shows description of various imagescivh
are used in this research work. Images are givengal
with their formats.

) i ) e
Fig. 4. Experimental result of Image 3

FBPOSED IMAGE

INPUT IMAGE BASE IMAGE

Tablel: Images taken for experimental analysis

Image Forma Size(KB]

1 .Jjpg 47.5

2 .Jjpg 39

3 .Jjpg 38

4 .Jjpg 25.%

5 .Jjpg 42.2

6 .Jjpg 19.4

7 .Jjpg 29

8 Jpg 32 - e g B
9 Ipg 22.1 Fig. 5. Experimental reult of Image 4 |
10 .Jjpg 35.¢€
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INPUT IMAGE

BASE IMAGE FBPOSED IMAGE

™

" Fig. 6. Experimental result of Image 5

INPUT IMAGE BASE IMAGE RBPOSED IMAGE
i

N 4
Fig. 7. Experimental result of Image 6

INPUT IMAGE BASE IMAGE FBPOSED IMAGE

Fig. 8. Experimental result of Image 7

INPUT IMAGE BASE IMAGE FBPOSED IMAGE

Fig. 9. Experimental result of Image 8
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INPUT IMAGE BASE IMAGE

FBPOSED IMAGE

Fig. 10. Expermental result of Image 9

INPUT IMAGE BASE IMAGE

.

FBPOSED IMAGE

The values of Mean square errorMSE) are shown
below in the comparison Table 2. The proposed dlgor
is showing the better results than the existing amenean
square error is reduced in every case.

Table 2: Mean square error comparison table

INPUT IMAGE EXISTING PROPOSED

TECHNIQUE TECHNIQUE
1 0.2330 0.1823
2 0.3165 0.2022
3 0.2278 0.1753
4 0.1081 0.0985
5 0.1159 0.1001
6 0.1875 0.0405
7 0.1482 0.0764
8 0.1237 0.0858
9 0.2865 0.0637
10 0.2016 0.0712
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The values of Peak signal to noise rati®®SNR) are
shown below in the comparison Table 4 which shdweds t
the maximum PSNR is achieved with proposed algorith

Table 4: Peak Signal to Noise ratio comparisoretabl

value

3 4 5 5
Input Images

Fig. 12. Mean Square Error comparison graph

INPUT IMAGE EXISTING PROPOSEI
TECHNIQUE TECHNIQUE
1 54.456 55.523:
2 53.127. 55.074(
3 54.555¢ 55.693!
4 57.792. 58.195.
5 57.489( 58.256°
6 55.401¢ 62.054.
7 56.422( 59.299¢
8 57.206! 58.798.
9 53.560: 60.088(
10 55.081( 55.789

From the Fig.12, it is revealed that the proposethiod
show the lower values for mean square error thistiey

methods.

The values of Root Mean square errorRMSE) are

shown below in the comparison Table 3.Table 3 bjear
shows that the RMSE is minimum in the case of the

proposed algorithm.

Table 3: Root Mean square error comparison table

INPUT EXISTING PROPOSEI
IMAGE TECHNIQUE TECHNIQUE
1 0.482" 0.426¢
2 0.562¢ 0.449¢
3 0.477: 0.418:

4 0.328¢ 0.313¢
5 0.340: 0.322:

6 0.433( 0.201:

7 0.385( 0.276¢
8 0.351° 0.292¢
9 0.535: 0.252¢
10 0.448¢ 0.414:

0.65

ROOT MEAN SQUARE ERROR

—— EXISTING
06 FROFPOSED

Higher value of PSNR leads to high quality of
reconstructed image and PSNR is high in proposed
technigue and as shown in Table 5.

PEAK SIGHNAL TO NOISE RATIO

—+— EXISTING
B2 PROFPOSED

YL

58 -

value

57}
56|
e

4
54

53

1 2 = 4 5 B 7 g =] 10
Input Images

Fig. 14. Peak Signal to Noise Ratio comparisonigrap

From the Fig. 14, it is revealed that the proposed
technique shows the higher values for peak sigoéen
ratio than existing method.

The values ofBit error rate(BER) are shown below in
the comparison Table 5. Table 5 clearly shows that

0.55 F

0.5
4

BER is minimum in case of the proposed algorithm.

Table 5 Bit error rate comparison table

LR s INPUT IMAGE EXISTING PROPOSEI
S naf TECHNIQUE TECHNIQUE
s 1 0.018 0.018(
ol 2 0.018¢ 0.018:
3 0.018: 0.018(
His o 4 0.017: 0.017(
D2 5 5 : 2 5 s % L s 5 0.017: 0.017:
Input Images 6 0.018: 0.016!:
Fig. 13. Root Mean Square Error comparison graph 7 0.017: 0.016¢
8 0.017¢ 0.017(
From the Fig. 13, it is revealed that the propasethod 9 0.018: 0.016¢
shows the lower values for root mean square ehan t 10 0.018; 0.017¢

existing method.

Copyright © 2016 IJECCE, All right reserved
323




BIT ERRCR RATE [6]
0019 T T T T T T T T
—+—EXISTING [7]
FROPOSED
D.D1851/
ool [8]
% nmrs;r
A . (9]
00165+ i A [10]
0016 : : - ‘ . . L (11
1 & 3 4 5 B 7 8 9 1a
Input Images
Fig. 15. Bit Error Rate comparison graph [12]
From the Fig.15, it is revealed that the proposethiod
shows the lower values for error than existinghoe. [13]
VIl. CONCLUSION AND FUTURE SCOPE
[14]

The image enhancement has been successfully used fo
improving the quality of poor images by using tlagious

linear and non-linear techniques. The review hasveh [15]
that most of existing techniques may introduce dbker
artifacts in case of infrared images.

In order to overcome the above stated limitatiensew 14

algorithm is proposed which utilises genetic altdoni to
enhance the results. Also to reduce ringing atsfac
further adaptive histogram equalization has beed .ushe [17]
proposed technique has been applied for analysis of
infrared images. The design and implementationtdeas
done in MATLAB using image processing toolbox and18]
various parameters like MSE, PSNR, RMSE, BER have
been used to evaluate the performance of enhanq@gﬁ
images. The comparison among the existing and pespo
technigue has shown that the proposed technique
outperforms over the genetic algorithm based imaqgo]
enhancement.
In near future, dynamic histogram stretching asost p
processing technique can be used. Also,the issneisé

has not been considered in this work, so in netrdu [21]
some well-known filter like trilateral filter canebused to
remove the effect of the noise from the enhancedes.
22
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