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ABSTRACT:Medical imaging is a most significant source to find out the presence of assured diseases. Over the years we are
using technologies like Computerized Tomography, Positron Emission Tomography and Magnetic Resonance Imaging in
medicinal imaging, images are obtained for medical analytical purposes and for providing information about the anatomy, the
physiologic and metabolic actions of the volume beneath the skin. It is complicated to get an image at a preferred resolution due to
imaging environments, the limitations of physical imaging systems as well as quality-limiting factors such as Noise and Blur.
Consequently increasing the image resolution should significantly improve the diagnosis ability for remedial treatment. A counter
to this problem is the use of Contrast Limited Adaptive Histogram Equalization and Super Resolution which can be used for
processing of such images. This paper details few of the types of medical imaginary, diverse techniques used to perform CLAHE
and Super Resolution, how it is used for Medical image processing.
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1. INTRODUCTION
Medicinal imaging relates a lot of digital image processing
systems for improved understanding. Different improvement
techniques are available in fiction for refining the quality of
medicinal images. The main challenge in this area is that
aexplicit process which gives better results for a particular
type of presentation may fail in giving good results for
another type of application. The objective is to estimation a
high-resolution image from a solitary noisy low-resolution
image, with the help of aagreed database of high and lowresolution image patch pairs. Denoising and super-resolution
in this paper is achieved on each image patch. For
individually given input low-resolution patch, its highresolution form is valued based on outcome a nonnegative
sparse linear demonstration of the input patch over the lowresolution patches from the record. The proposed method is
expressly useful for the case of noise corrupted and lowresolution image. Investigational results show that the
proposed method overtakes other state-of-the-art superresolution methods while excellentlyeliminating noise.
2. RELATED WORK
[2]EsbenPlenge, enhanced the resolution in
magnetic resonance imaging comes at the cost of either
lower signal-to-noise ratio, longer possession time or both.
This study investigates whether so-called super-resolution
reconstruction methods can raise the resolution in the slice
selection direction such are a viable alternative to direct
high-resolution acquisition in terms of the signal-to-noise
ratio and acquisition time trade-offs. The performance of six
super-resolution reconstruction methods and direct highresolution acquisitions was compared with respect to these
trade-offs. The methods are based on iterative backprojection, algebraic reconstruction, and regularized least
squares. The algorithms were applied to low-resolution data
sets within which the images were rotated relative to each

other. Quantitative experiments involved a computational
phantom and a physical phantom containing structures of
known extent. The results show that super-resolution
reconstruction can indeed improve the resolution, signal-tonoise ratio and acquisition time trade-offs compared with
direct high-resolution acquisition.
[4]This paper explained a unified blind method for
multi-image
super-resolution,
single-image
blur
deconvolution, and multi-image blur deconvolution of lowresolution images ruined by linear space-invariant blur,
aliasing, and additive white Gaussian noise. This approach is
based on alternating minimization of a new cost function
with respect to the unknown high-resolution image and
blurs. The regularization term for the HR image is based
upon the Huber-Markov random field model, which is a type
of variation integral that exploits the piecewise smooth
nature of the HR image. The blur estimation process is
supported by an edge-emphasizing smoothing operation.
The parameters are rationalized gradually so that the amount
of salient edges used for blur estimation increases at all
iteration. For better concert the blur estimation is done in the
filter area rather than the pixel domain i.e., by means of the
gradients of the LR and HR images. Simulation results on
both synthetic and real-life images confirm the strength and
efficiency of the proposed method.
[7]Jay Patel says Segmentation is a vital role in
medical image processing, where clustering technique
broadly used in medicinal function mainly for brain tumor
recognition in magnetic resonance imaging. Used MRI
because of its provide accurate visualize of anatomical
structure of tissues. In this paper various clustering methods
that have been used for segmentation in MRI are reviewed.
[8]Dinh-Hoan Trinh, Proposed a novel examplebased method for denoising and super-resolution of medical
images. The objective is to calculate approximately32a7highresolution image from a single noisy low-resolution image,
with the help of a given record of high and low-resolution
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image patch pairs. The problem of finding the nonnegative
sparse linear representation is modeled as a nonnegative
quadratic programming problem. The planned method is
especially useful for the case of noise tainted and lowresolution picture. Investigational outcome show that the
proposed system outperforms other state-of-the-art superresolution methods while effectively removing noise.
According to [10]Pranita Balaji Kanade1 most cells
in the body grow and then divide in an orderly way to form
new cells as they are needed to keep the body healthy and
functioning properly. When cells lose the ability to control
their growth, they divide too often and without any sort. The
extra cells form a mass of tissue called a tumor. Brain
tumors are abnormal and uncontrolled proliferations of cells.
Segmentation methods used in biomedical image processing
and explores the methods useful for better segmentation. A
critical appraisal of the current status of semi automated and
automated methods are made for the segmentation of
anatomical medical images emphasizing the advantages and
disadvantages. In this project we detect the brain tumor &
order the stages of the tumor by using testing & training the
database. Segmentation for testing purpose is done by
spatial FCM used.

3. PROPOSED ARCHITECTURE
In this paper, proposed system consists of two stages, In the
first stage the poor qualities of image is processed by
preprocessing and patch extraction and in the second stage
the output of the first stage is further processed by contrast
limited adaptive histogram equalization to improve contrast
of images.
3.1 Contrast Limited Adaptive Histogram
Equalization While acting AHE if the area being
handled has a fairly small intensity range then the
noise in that area gets extra improved. It can also
effect some kind of artifacts to seem on those areas.
To limit the appearance of such artifacts and noise,
alteration of AHE called Contrast Limited AHE can
be used. The volume of contrast enhancement for
some greatness is directly proportional to the slope of
the CDF function at that intensity level. Hence
contrast enhancement can be limited by restrictive the
slope of the CDF. The slope of CDF at a bin location
is unwavering by the height of the histogram for that
bin. Consequently if we limit the height of the
histogram to a certain level we can border the slope
of the CDF and hence the amount of contrast
improvement. The only change between regular
AHE and CLAHE is that there is one extra step to
clip the histogram before the development of its CDF
as the mapping function is performed. Hence CLAHE
is executed in the same function tiled AHE in
ahe.cpp. The sequencer "AHE" takes an extra
optional parameter which stipulates the level at which
to clip the histogram. By default no clipping is
completed.
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2. If a window size is not indicated chose the grid size as
the default window size.
3. Recognize grid points on the image, starting from topleft corner. Each grid point is detached by grid size
pixels.
4. For individually grid point compute the histogram of
the region around it, having area equal to window size
and fixed at the grid point.
5. If a clipping level is stated, clip the histogram
computed above to that level and then use the novel
histogram to compute the CDF.
6. After computing the mappings for each grid point,
recurrence steps 6 to 8 for each pixel in the input
image.
7. For individually pixel discover the four closest
neighboring grid points that mount that pixel.
Clipping the histogram the situation is not relatively straight
forward because the extra after clipping has to be
restructured among the other bins, which forcerise the level
of the clipped histogram. Later the clipping must be
completed at a level lower than the specified clip level so
that after restructuring the maximum histogram level is equal
to the clip level. To classify the point at which the cutting
should be achieved. CLAHE is only active for images which
contain relatively similar enhanced noise or artifacts may
appear owed to AHE.
3.2 Cubic Spline
Additional piecewise cubic interpolating utility is a cubic
spline. The term ―spline‖ states to an device used in
enrolling. It is a shrill, stretchy wooden or plastic tool that is
agreed through given data points and defines a smooth arch
in between. The physical spline diminishes possible energy
subject to the interpolation constrictions. The matching
mathematical spline must have a uninterrupted second
derivative and satisfy the same interpolation constraints. The
divisions of a spline are also mentioned to as its knots. The
world of splines extends far beyond the basic onedimensional, cubic, interpolator spline we are labeling here.
There are multidimensional, high-order, variable knot, and
resembling splines. A valued expository and reference text
for both the mathematics and the software is useful guide to
Splines.

Following is the summary of the system for this
function
1. Compute a grid size based on the full measurement
of the image. The smallest grid size is 32 pixels square.
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Figure1: Low Resolution Image
4. CONCLUSION

Figure 2: Patch Extraction

Resolution plays an important part in extraction of important
information from the images. Better image resolution will
help for accurate diagnosis of the ailment and will help in
faster rate of treatment to the patients. Have come across
the different types of medical images used in Medical image
Processing But medical images typically consist of lot of
noise and irregularities due to the anatomical structure of the
human body and also due to the limitations of the image
acquisition device sensors Different methods have been
detailed for enhancing the resolution via Super resolution.
Dealing with the pre processing part by dynamically
enhancing the resolution, de noising the medical images and
Later on to apply Contrast Limited Adaptive Histogram
Equalization and Super resolution techniques there is
tremendous future scope in this method of applying SR
techniques for medical image processing.
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Figure 3: Interpolated Image
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Figure 4: High Resolution Image

Figure 5: Difference of Inter and High Resolution Image
Here 2 different resolution input is taken, fig1 is the low
resolution input image and fig 2 is the patch extracted image
of input image. Fig 3 shows the output of interpolated image
and fig 5 is the difference of interpolated image and high
resolution image.
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