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Abstract
Image resolution enhancement (IRE) is the process of manipulating a set of low quality images and produce high quality and high
resolution images. The two groups of techniques to increase the apparent resolution of the imaging system are Blind deconvolution
(BD) and Super-resolution (SR).Most publications on BD/SR are non-blind, i.e., do not explicitly consider blur identification during
the reconstruction procedure. This technical paper, we focuses on various methods of super resolution ,blind deconvolution and
unifying blind approach to the blind deconvolution and super resolution problem i.e., methods that combine blur identification and
image restoration into a single procedure, e.g. alternating minimization (AM).
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1. INTRODUCTION

In the recent years there is increased in the ddrf@anbetter
guality images in the various applications suchradical,
astronomy, object recognition. Image resolutionasement
is also widely useful for satellite image applicas which
include building construction, bridge recognitiom GPS
technique. The two approaches used to enhancesb&ution
are

1) SuperResolution

2) Blind Deconvolution

Super-Resolution, loosely speaking, is the proceds
recovering a high-resolution image from a set ofvlo
resolution input images. The goal of SR is to ettrthe
independent information from each image in that aed
combine the information into a single high resanti(HR)
image. The only requirement is that each LR imagetm
contain some information that is unique to that gmaThis
means that when these LR images are mapped omim@an
reference plane their samples must be subpixeteshffom
samples of other images, for SR reconstructions&lsamples
can be acquired by sub-pixel shifts, by changingnsc
illumination or, by changing the amount of blur.

The major advantage of the super resolution apprisathat it
may cost less and the existing LR imaging systeamsbe still
utilized. The SR image reconstruction is proveteaiseful in
many practical cases where multiple frames of Hmaesscene
can be obtained, including Synthetic zooming ofiaegof
interest (ROI) is another important applicatiorsurveillance,
forensic, scientific, medical, and satellite imaginThe SR
technique is also useful in medical imaging sucleasputed

tomography (CT) and magnetic resonance imagingllisat
imaging applications such as remote sensing andBAI.

In blind deconvolution one aims to estimate from iaput
blurred image, a sharp image and an unknown blurekelt is
categorized into two classes’ single channel anttichannel
deconvolution For deconvolution method, is the process of
estimating the sharp image, it is necessary toeriast the
predicted sharp edge-profile back onto a pixel .giy
rasterizing the subpixel sharp-edge profile ontapssampled
grid, we can estimate a super-resolved sharp image.
addition, at the actual identified edge locatios lf@fore), the
pixel color is a weighted average of the minimumd an
maximum, where the weighting reflects the sub-piedbe
location on the grid.

Deconvolution appears in a wide range of applicatoeas,
such as photography, astronomy, medical imaging,ramote
sensing. For example, if atmospheric turbulencesesu
blurring, we can capture several images in a rowd, due to
the random nature of turbulence, each image is stlsurely
blurred in a different way. If camera shake causiesring,
continuous shooting with the camera provides séverages
that are blurred in a different way since our handves
randomly.

2. SUPER RESOLUTION

Here the input is low resolution frames there folkal by
subpixel registration from all available LR imag&sto
common reference grid, wrapping of the input LR gesinto
reference grid. Restoration of the LR images toaucedthe
artifacts due to blurring and sensor noise, Inten of the
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LR images with a predetermined zoom factor to obthie
desired HR image.

The methods are:

Interpolation-based methods: widely used for producing
Zoom-in images.

Learning-based or example-based methods: the
correspondences between LR and HR image patchefgrsire
learned from a database of LR and HR image paid,tlaen
applied to a new LR image to recover its HR version
Reconstruction-based methods. it requires reconstruction
constraint, which requires the down sampling versid the
target HR image should be similar to the LR image.
Sophisticated or Edge directed method: estimate the target
HR image by enforcing some edge knowledge, it predu
pixel accuracies partially there by regularizatldR image is
derived.

In [3], interpolation based blind super resolutiomethod
applied; here the processing time is 40 seconds.

In [5], combined framework of classical + exampbséd SR
approaches with the processing time of 250 minutes.

In [14]a self-learning of in scale SVR via Bayestagory is
applied with the processing time of 160 minutes.

In [26],reconstruction based blind technique isliggdlp but it
resultant processing time is more than 60 minutes.

In [15],a novel self-learning via contour let tréorsn with the
processing time of 270 seconds

In [13] edge directed SR approaches based on rauagtive
gradient magnitude self interpolation is applidte tesultant
processing time is 3 minutes.

Table 1: Comparison Results of SuperResolution Approaches

Approach | Refere | Pros Cons
nces

Non [4] Simultaneous Optimality
uniform registration &| is high
interpolat deblurring ,
ion Registration

Computational

cost is low
Probablis | [24, Estimate HR| Not
tic 19] image and motion applicable
method parameter for
(eg. simultaneously degradation
MAP) models
Set [18] Utilize Spatial| Slow
theoretic domain efficiently | convergence
methods Computatio
(eg.POCS n cost is

) high
Iterative | [10,7] | Back project the Not
back image errors applicable
projection for priori
constraint
Optimal | [25,17 | Simultaneous Not
Filtering | ] restoration &| applicable
Method reconstruction for priori
constraint

3. BLIND DECONVOLUTION (SIBD & MIBD)

Here in Single Image Blind Deconvolution SIBD, theut is
a blurry image where the blur kernel is unknownisThethod
is conducted by predicting the sharp edges ofrttage and by
gradient thresholding the strong edges get restooed that
The blur kernel is estimated, where as in Multi g@a
Deconvolution requires that the input images arepery
registered, which first estimates blur kernels #rah recovers
the original image. The blur kernels are equah®minimum
eigenvector of a special matrix constructed frov tblurred
input images. Necessary assumptions for perfecvery of
the blurs are noise-free environment and chann@imoeness,
i.e., a scalar constant is the only common factdne blurs.

Fig 1: Blurred Input Images

IN[8] IQML algorithm which first estimates the blfunction
and then recovers the original image by standam blnd
methods to recovers blurs. It is limited in casenofse-free
environment and channel coprimeness.

In [6], Bezout’s based indirect algorithm which di the
restoration filters and by convolving the filtevgith the
observed image,recovers the original image.It isenable to
noise and even for moderate noise level restoration

In [16], Bussgang algorithm which performs well gpatially
uncorrelated data such as binary text images akg spages,
It is lack in robustness because it not include aoyse
assumptions.

In [20], Least square deconvolution based multi ncieh
algorithm, but it is restricted in case of absen€d’SF size
and not perfectly registered channels.

In [9], bispectrum based approach is used, it takesability
to suppress signal independent and Gaussian naisé [s
computationally expensive.
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In [4], Richardson-lucy algorithm is fairly redudbe noise
tolerance, it is restricted in evaluating both thigerration
coefficient and object of the image which having<mmwn
amount of aberration in PSF.

In [29], MAP-non Gaussian MRF model based on Huber

The following table gives information about compan status
of some methodologies used in resolution enhanceniée

table depicts the various methods used in Supeol®am,

Blind Deconvolution and Unified Blind approachese \&lso
include performance estimation of each method

function, it alleviates the noticeable artifacts ithe Table 2: Comparison Of Resolution Enhancement methods
reconstructed image.
[REFER | PAPERTITLE | SUPER DAGE  [BLIND REGULARIL  POINT
§ . : . PERFORMANCE | ION 0N/ IMAGEBLUR FUNCTI
map from that map the blur l_<erne| is estimated, ibus ESTIMATED PERFORVANCE e
vulnerable to strong edges prediction. ESTIMATED
In [12], Edge prior profile method used to predibarp egdes il Robst
from that edges the blur kernel is estimated, bigt iiestricted ;{}“zﬁhm
H H yil
to use Only in multiscale approaches. Deconvolution via Augmented Total variation/ PSF
. . . o Fast Lagrangian MC constraint ~ 40X40
In [1], a shock filter and gradient thresholdingaigplied to Abtemating (estimated
restore only strong edges and estimates the blurekérom Minimization )
that truncated edges, it is limited in case of abseof salient oA fegdjlﬁm%“‘m - . e s 05
HH approach to jomnt Jgate eneralized  cross | dpace adaptve
edges In image. blur - gradient validtion  (GCV) | regularization  3x3
identification and method method
4. UNIFIED BLIND PROCEDURE: image restoration
Single procedure for single and multi image sugsolution, 2 Mulfichannel Stepest MCdinating | Tadvandion| DSF
Single and multi image blind Deconvolution.The bdmd high Blind  Meraive Decent minimization Mumford-Shah 20520
resolution image is estimated by regularizing thst unction. Inage Retoration : method ﬂ%‘ﬁfdﬂémm funcond {etinated
Here the input image can be of Color/grey scalegengdby > oo Do TIBER) )
applylng th_e blind procedure the resultant outmutHigh ad S
Resolution images. Its performance can be evaluatedeans Resolution by | Adaptive sparse Adapive Auegressive DS
of PSNR, SSIM, NMSE and RMSE values. Adaptve domain  selection reglaiztion- | (AR)modd  Tx7
Spase  Domain | /2754 dB(PSNR) iterative  shrinkage (estimated
IN[23]BSR algorithm is used to regularize the energy Zﬂ:ﬁ?‘; ad ilggzr&ﬂ;gm )
funqtion Wit_h respect to_ the original image an.drblit _is Reqularizaicn
carried out in both the image and blur domains. Bus
restricted to use the minimum or close to minimwmber of
LR images for the given SR factor the estimated RSBlue % Super Resdlution
is24.5 dB Based on Blind | Non wiform | Precondifion | Refnforcement Bilatad totd PSF
Deconvolution | interpolation - | Conjugate | lgorithm variation/ 318
In[3],adaptive BSR algorithm used in which the chstction Ging Sty bicubi gadat | /LURE) | Fourer - pover
. . s . of Power Spectra | /53 T1(RMSE) method spectra
is based on Alternating Minimization approach, the 5 o
ke . n Objective  Image
regularization for image and blur are Huber Marlandom Quliy Delamay ticutic
field Model and Gaussian. The estimated PSNR viadu29 Assessment of | non-unifom
dB. Multiframe interpdlation
Super-Resdlution | /29.02(PSNR)
Methods
3 Edge-Directed
Single-Image Adaptive  gradient
Super-Resclution | magnitude  self
via intarpolation
Adaptve Gradent | /0.696(SSTMV)
Magnitude  Self-
Interpdlation
3 A Unified
Approach  to | Nonuniform Sihgule  value PSF
Superresclution | inferpdlaion - - Decomposition - 15215
and Multichannd | bilinear
. . i (245
Fig 2: Standard Output Of Resolution Enhancement gt:sm_olm 3PS
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CONCLUSIONS

In this paper we investigate the possibility of amting the
resolution of the image. We use an Blind techniginch is
for improving clarity of an image with minimum pressing
time. Our survey result shows that unified Blindheique is
efficient to use in the image captured in atmosplerbulence
and continuous capturing of image. In future thigtmd
should be extended in several directions, foramst to have
space-variant blur identification, study joint ineagegistration
and restoration procedures, or consider compresaiais in
the forward model and video baesd resolution erdgraeat,
and so on.
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