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Abstract

Image enhancement allows the observer to see dietaitages that may not be immediately observabtiénoriginal image. Image enhancement is the
transformation or mapping of one image to another. éiffeancement of certain features in images is acauethdy undesirable effects. We proposed
that to achieve maximum image quality after dengisannew, low order, local adaptive Gaussian Seliatéure model and median Filter were presented,
which accomplishes nonlinearities from scattering & nenlinear approach for contrast enhancement of ssftds in CT images using both clipped
binning and nonlinear binning methods. The ususiiiamption of a distribution of Gaussian and Poisgatistics only lead to overestimation of the noise
variance in regions of low intensity (small photaunts), but to underestimation in regions of higlensity and therefore to non-optional results. The
contrast enhancement results were obtained andagedlusing MatLab program in 50 CT images of thestthad abdomen from two CT studies. The
optimal number of bins, in particular the number ofygevels, is chosen automatically using entropy anerage distance between the histogram of the
original gray-level distribution and the contrast@amtement function's curve.
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INTRODUCTION

|mage enhancement techniques are used to refinevem gi

image, so that desired image features becosasier to
perceive for the human visual system or more likiglybe
detected by automated image analysis systems.
enhancement allows the observer to see detaitmagés that may
not be immediately observable in the original imafi@is may be
the case, for example, when the dynamic rangeeofi#tta and that
of the display are not commensurate, when the inagea high
level of noise or when contrast is insuﬁiciélrﬂ.Fundamentally,
image enhancement is the transformation or mapgfioge image
to another. This transformation is not necessanily —to- one, so
that two different input images may transform inth@ same or
similar output images and medical images as iistt in the
figures after enhanceméfit.More commonly, one may want to
generate multiple enhanced versions of a given énthig aspect
also means that enhancement techniques may beersiele.
Often the enhancement of certain features in images
accompanied by undesirable effects. Valuable imafgrmation
may be lost or the enhanced image may be a porrseptation of
the original. Further more enhancement algorithrasnot be
expected to provide information that is not presarthe original
image. If the image does not contain the featurbet@enhanced,
noise or other unwanted image components may lvéntently
enhanced with out any benefit to the user. Pixekebla
enhancement techniques are transformations apiliedch pixel
with out utilizing specifically the information ithe neighborhood
of the pixel. Enhancement that can de achieved withtiple
images of the same scéfleA digital image is defined as a tow-
dimensional array of numbers that represents thle centinuous
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spatial signal i1Is sampled at regular intervals @edintensity Is
quantized to a finite number of the array is refdrto as a
picture element or pixel. The digital image is defli as a
spatially distributed intensity signal f(m ,n),wkef is the
intensity of the pixel, and m and define the positf the pixel,

Imagéong a pair of orthogonal axes usually definechaszontal

and vertical. We shall assume that the image hasvié and N
columns and that the digital image has P quantieedls of
intensity (gray levels) with values ranging fromdP- 1. The
histogram of an image, commonly used in image ecdraent
and image characterization, is defined as a vehtdrcontains
the count of the number of pixels in the image athegray
level. A useful image enhancement operation is clution

using local operators, also known as Kernels. Glamngig a
Kernel w(k, I) to be an array of (2k+1+2+1) coefificts where
the point(k, 1) = (0,0) is the center of the Kefrmnvolution of
the image with the Kernel is defined by:

G(m, n) =w(k, I) * f(m, n) =Type equation here.

Where g(m, n) is the out come of the convolutiomatr put
image. To convolute an image with a kernel, then&kis centered
on an image pixel (m, n), the point-by-point proguaf the kernel
coefficients and corresponding image pixels araiobd, and the
subsequent summation of these products is usetkegsxel value
of the out put image g(m, n) is obtained by oparptihe same
operation on an pixels of original image. A convin kernel can
be applied to an image in order to effect of spe@hhancement
operation or change in the image characteristitgs Typically
results in desirable attributes being amplified amtbesirable
attributes being suppressed. The specific valueghef kernel
coefficients depend on the different types of eckarent that may
be desired. Attention is needed at the boundarfethe image
where parts of the kernel extend beyond the inmdge. One
approach is to simply use the portion of the kethat overlaps the
input image. This approach can, however, lead tifaets in the
boundaries of the out put imafe.

The forward or inverse Fourier transform of an N#hage,
computed directly with the preceding definitiorsguires a
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number of complex multiplications and additions gowional
to N2. By decomposing the expressions and elimigati
redundancies, the fast Fourier transform (FFT) ritlgm
reduces the number of operations to the order of N

Log2 NP

The computational advantage of the FFT is significa
and increases with increasing N. when N =64 the barmof
operation are reduced by an order of magnitudevdreh N =
1024, by two orders of magnitud®s.

Pixel Operation

Although intensity scaling can be very effective in
enhancing image information present in specifiensity bands,
often information is not available a priori to idiéy the use full
intensity bands. In such cases, it may be mordulis®» maximize
the information conveyed from the image to the ubsr
distributing the intensity information in the image uniformly as
possible over the available intensity bafdl. This approach is
based on the approximate realization of informatiotheoretic
approach in which the normalized histogram of theagde is
interpreted as the probability density functiontloé intensity of
the image. In histogram equalization, the histognthe input
image is mapped to a new maximally-flat histograithe
histogram is defined as h(l), with 0 to p-1 grayels in the image.
The total number of pixels in the image, M*N, is@lthe sum of
all the values in h(i). Thus, in order to distribuhost uniformly
the intensity profile of the image, each bin of thgtogram should
have a pixel count of (M*N)/p. It is, in generabgsible to move
the pixel with a given intensity to another onesuléng in an
increase in the pixel count in the new intensity. @n the other
hand, there is no acceptable way to reduce or @litie pixel
count at a specific intensity in order to reduce fglixel count to
the desired (M*N) /P. In order to achieve approxignaniformity,
the average value of the pixel count over a nurob@ixel values
can be made close to the uniform IVt A simple and readily
available procedure for distribution of the pix@isthe image is
based in the normalized cumulative histogram, éefias

H (j) = 1/M. Néh(')j:olll_, b1

that the size of the kernel is a critical factortlie successful
application of this type of enhancement. Imageidethat are
small relative to the size of the kernel are sigaiftly

suppressed, while image details are significamtiger than the
kernel size are affected moderately. The degreenafe

suppression is related to the size of the kernéh greater
suppression achieved by larger kerrefg?*3

Median filtering is a common nonlinear method for
noise suppression that has unique characteristickes not use
convolution to process the image with a kernel oéfficients.
Rather, in each position of the kernel frame, a&lpof the input
image contained in the frame is selected to beguoupixel located
at the coordinates of the kernel center. The kefraie is
centered on each pixel (m, n) of the original imagad the
median value of pixels with in the kernel frame@snputed. The
pixel at the coordinates (m, n) of the out put imag set to this
median value. In general, median filters don't halve same
smoothing characteristics as the mean filter. Featuhat are
smaller than half the size of the median filter nedr are
completely removed by the filter. Large disconttires such as
edges and large changes in image intensity areaffietted in
terms of gray level intensity by the median filtatthough their
positions may be shifted by a few pixels. This iedr operation
of the median filter allows significant reductiof specific types
of noise. For example, "shot noise” may be remos@uipletely
from an image without attenuation of significanges or image
characteristic8?

MATERIALS AND METHODS

For Computed tomography machines (CT) each film
was scanned using digitizer scanner then treatsbygumage
processing program (MatLab), where the enhanceraedt
contrast of the image were determined. The scaimage was
saved in a TIFF file format to preserve the qualityhe image.
The data analyzed used to enhance the contrashwiith soft
tissues, the gray levels which can be redistribbietth linearly
and nonlinearly using the gray level frequencietheforiginal
CT scan. The data was analyzed by using statighackage,
Statistical Package for Social Studies (SPSS) uwdetows.

The Fourier transform is a representation of argenas

The normalized cumulative histogram can be used asa sum of complex exponentials of varying magnitudes

mapping between the original gray levels in thegemand the
new gray levels required for enhancement. The emdthn
image g(m, n) will have a maximally uniform histegr if it is
defined as

g (m, n)= (p-1). H (f(m, n))
A. Noise Suppression by Mean Filtering
Mean filtering can be achieved by convolving thaga
with (2K+1x2L+1) Kernel where each coefficient hmvalue

equal to the reciprocal of the number of coeffitdein the
Kernel. For example, L=K=1, we obtain

Wk, ) =1

Referred

Typically, this type of smoothing reduces noisahir image, but
at the expense of the sharpness of edges (41&),(L3). Note

frequencies, and phases. The Fourier transforns @agritical
role in a broad range of image processing apptinati
including enhancement, analysis, restoration, amapcession.

If f (m, n) is a function of two discrete spatial variables
m and n, then the two-dimensional Fourier transfofr (m,
n) is defined by the relationship.

Filoy,on)= z z fmne Jeym - joyn
M e
Figure

The variables Ul and 02 are frequency variablesr th
units are radians per sample. F(ul,u2) is ofterle¢athe
frequency-domain representation of f (m, n) F(uL,u2is a
complex-valued function that is periodic both inaad u2, with
period 28. Because of the periodicity, usually ahky range — 6

<ul, uX 9 is displayed. Note that F(0,0) is the sum oftladl

to as the 3x3 averaging kernel or maskvalues of f (m, n). For this reason, F(0,0) is oftealled the

constant component or DC component of the Fourastorm.
(DC stands for direct current; it is an electrieayineering term
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that refers to a constant-voltage power sourcepp®sed to a frequencies. This reflects the fact that horizontalss sections
power source whose voltage varies sinusoidallyg ifiverse of of f(m ,n), are narrow pulses, while vertical cregstions are
a transform is an operation that when performed anbroad pulses. Narrow pulses have more high-frequeostent

transformed image produces the original image.ifberse two-
dimensional Fourier transform is given by

)"(171‘!4]=L2FT r[

An” tw=-n duy=

Juym jumn

TFlwl,-u._ﬂc’ € duy duwy

Figure

Roughly speaking, this equation means that f (m,
can be represented as a sum of an infinite humbeorplex
exponentials (sinusoids) with different frequencie¥he
magnitude and phase of the contribution at the ukeegies
(b1,u2) are given by F (01,02). The Fourier tramsf@rovides
the spectral representations of an image, whichbeamodified
to enhance desired properties.

Visualizing the Fourier Transform

To illustrate, consider a function f (m, n ) thauals 1
within a rectangular region and 0 everywhere €lsesimplify
the diagram, f (m, n )is shown as a continuous tfan¢ even
though the variables m and n are discrete (Fig.1).

n

fim.n)

m

Figure 1. Visualizing the Fourier Transform (MatLab
R2009m)

than broad pulses.

Another common way to visualize the Fourier transfo
is to display log | F (u1,u02)l as an image, as shawFigure 2.

II,rpg of the Fourier Transform of a Rectangular Functon

Using the alogarithm helps to bring out detailsthed
Fourier transform in regions where F (U1,02 ) is/vaose to 0.

RESULTS

This is an experimental study deals with proposea
approach for image enhancement technique using meguction
technique (noise variance) and different mediariefsl in CT
images and reduction of the redundancy in the indaga using
image processing technique (MatLab version R2009saddition
to highlight the role of the proposed approach geaiariance) by
preservation of the image's overall look, preséowatof the
diagnostic content in the image and detection oélisand low
contrast details in the diagnostic content of theage and to
highlight the role of using image processing tegbei in
Radiology. Gaussian mixture models are formed bmhining
multivariate normal density components. For infaliora on
individual multivariate normal densities. In Stétis Toolbox
software, mixture models of the gmdistribution slase fit to data
using expectation maximization (EM) algorithm, whiassigns
posterior probabilities to each component densith iespect to
each observation. Gaussian mixture models are ofted for data
clustering. Clusters are assigned by selectingctimeponent that
maximizes the posterior probability. Like k-meankistering,
Gaussian mixture modeling uses an iterative algaritthat
converges to a local optimum. Gaussian mixture hioglenay be
more appropriate than k-means clustering when alsishave
different sizes and correlation within them. Creatof Gaussian

The Fig.2 shows, as a mesh plot, the magnitud@ef iixture models are described in the Gaussian MixtModels

Fourier transform, F (01,02), of the rectangulanction shown
in the preceding figure. The mesh plot of the magtd is a
common way to visualize the Fourier transform.

Figure 2. A mesh plot, the magnitude of the Fourier
transform, F (U1, u2), (MatLab R2009m)

Magnitude Image of a Rectangular Function

The peak at the center of the plot is F (0,0),,clwtis the
sum of all the values in f(m ,n). The plot alsowhkdhat F (u1,02),
has more energy at high horizontal frequencies #digh vertical

section of Probability Distributions. Thus, in re@l' images one
can find a significant coherence of the noise witle image
content. To illustrate the problem two CT imagegquasitions are
dedicated; one image (Fig.3) form Chest area seelmtque and
other image form sand another one is unenhancedeirfa the
same area (Fig.4). The figure 5shows an idealiggev of CT

images in figure 4, which needs to be enhancedfredfrom the
mixture of noise.

DISCUSSION

The most important criterion of Radiology images is
enhancement and resolution to differentiate betwieenr more
closely tissues. There are many problems due tenaes of
enhancement of soft tissues in CT images and rieduct the
redundancy in the image data. Redundant data &lysaused by
large ranges of gray levels being used to reprassages, which
actually require significantly fewer gray levels.mdge
enhancement allows the observer to see detaiteages that may
not be immediately observable in the original imadgmage
enhancement is the transformation or mapping of iomge to
another. The enhancement of certain features ingesais
accompanied by undesirable effects Valuable imafermation
may be lost or the enhanced image may be a porrseptation of
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the original. Computed tomography is a medical imgg
technique, which employees tomography, where digég@metry
processing is used to generate a three dimensiorage of an
object from a large series of two dimensional imtgen around a
single axis of rotation. In computed tomography, ithage is made
by viewing the patient via x- ray imaging from nwames angle, by
mathematically reconstructing the detailed striegurand
displaying the reconstructed image on a video monit
Contemporary with the development of viable CT sean
rotate/rotate, systems and to avoid the sensitigityng artifacts, a
design was developed using a stationary detectny &nd a
rotating X-ray tube. Because the reduced motiomeeeconsistent
with a reduction in complexity, this geometry isokm as the
fourth generation. The stationary detector requigeslarger
acceptance angle for radiation, and is thereforeensensitive to
scattered radiation than the 3rd generation gegmetpurth
generation geometries also require a larger nuwibaetector cells
and electronic channels (at a potentially highat)cw achieve the
same spatial resolution and dose efficiency asdag@neration
system. Medical images are often deteriorated bigendue to
various sources of interference and other phenorexiaffect the
measurement processes in imaging and data acquoisistems.
The nature of the physiological systems under itigason and the
procedures used in imaging also diminish the cehtiad visibility
of details. For example, planer projection nucleadicine images
obtained using a gamma camera as well as singlk®mphemission
computed tomography (SPECT) as severally degragidéoizsson
noise that's inherent in the photon emission andntiag
processes. Intensity scaling can be very effectiveenhancing
image information present in specific intensity t&n often
information is not available a priori to identitye use full intensity
bands. In such cases, it may be more use full twimize the
information conveyed from the image to the userdisgributing
the intensity information in the image as uniforral/possible over
the available intensity band. This approach is thase the
approximate realization of information — theoreipproach in
which the normalized histogram of the image isripteted as the
probability density function of the intensity of ethimage. In
histogram equalization, the histogram of the inmage is mapped
to a new maximally-flat histogram. The histogramdifined as
h(i), with 0 to p-1 gray levels in the image. Tlot¢al number of
pixels in the image, M*N, is also the sum of ak thalues in h(i).
Thus, in order to distribute most uniformly theeinsity profile of
the image, each bin of the histogram should hapie count of
(M*N)/p. It is, in general, possible to move thegliwith a given
intensity to another one, resulting in an increasthe pixel count
in the new intensity bin. On the other hand, thiereo acceptable
way to reduce or divide the pixel count at a spediitensity in
order to reduce the pixel count to the desired (MAR In order to
achieve approximate uniformity, the average valfighe pixel
count over a number of pixel values can be madseecto the
uniform level. This is an experimental study deaith propose a
new approach for image enhancement technique usige
reduction technique (noise variance) and differeadian Filters in
CT images and reduction of the redundancy in thagendata
using image processing technique (MatLab versio@0R3). In
addition to highlight the role of the proposed a@mwh (noise
variance) by preservation of the image's overalk]greservation
of the diagnostic content in the image and deteatibsmall and
low contrast details in the diagnostic contenthsf image and to
highlight the role of using image processing tegbei in
Radiology. In real CT images one can find a sigaifit coherence
of the noise with the image content. To illustrte problem two
CT images acquisitions are

dedicated; one image (Fig.4) form Chest area seahntque
and other image form sand another one is unenhanuage
for the same area (Fig.3). The Fig.5 shows an igtealiew of
CT images in Fig.6, which needs to be enhancedraedrom
the mixture of noise.

Fig.3. Shows CT image (original image)

Fig.4. Shows enhanced CT image using median Filter
(median, 10)

Fig.5. Shows enhanced CT image using median Filter
(median, 15)
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Fig.6. Shows enhanced CT image using median Filter

(median, 20)
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