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ABSTARCT:

This paper is based on image durring with filtering approach. Wiener filter is a method giving the best
results when variance of the noise incorporated iblurring process is knownas a priori. The paper alsc
discusses basis blurring forms and their mathematal deswiption. Image deblurring refer to procedures
that attempt to reduce the blur amount in a blurry image and grant the degraded image an overe
sharpened appearance to olain a clearer image. The point spread function (PSFs one of the essentie
factors that needed to be calculated, since it wilbe employed with different types of deblurring
algorithms and filters approaches.

Keywords: Image deblurringtechniques, bl, image degradations, point spread function (PSF), im
restoration, iterative techniques, Wiener fil

1. INTRODUCTION

Image deblurring plays an important role in an imagstoration process. Image capture process c
degradation of original image. &te are several factors having contribution to riigr two of them are th
most important [1]:

. Movement of camera or capturing object when longsue time is set, being called motion t

. Out of focus optic caused by wide angle lens settingtmosheric turbulencebeing called out of
focus blur egraded image is additionally corted by the noise. The noise is consequence of
imperfection of image sensor and acquisition partamera. Degradation process can be describetid
following formula [2]:

=kf + n(1)
Where: g is a vector corresponding to blurred (degradewge, K is a large usually ill conditioned mat

modeling blurring operation, f is vector correspioigdto perfect image and n is the noise vector.rBaagfiot
process can also be presented in another fori

g(n.n)=k(n,n)0f(nn,)+ f nn
k({k

N-1M-1

S8kl k) tn-kn-W+fag @

1 2

where: g(nl, n2) is blurred (degraded) ima k (nl, n2is kernel or poinspread function (PSI
modeling blurring operationf(nl, n2 is perfect imagen(nl, n2)is the noiseN and M correspond to the
number of image pixels in horizontal and ioait axes respectively and asterisk ( *tands for
convolution.




International Journal of Research in Acvent Technology (IJRAT)
Vol. 1, No. ;, September2013, ISSN: 2321-9637

JR AT

2. PREVIOUS WORK

a. Image Deblurring — WiengFilter Versus TSVD Approacpaper by P. Bojarczakand Z. tukasik has
introduce the working with performance compariséMbener Filter and TSVD Approach. Wiener filtey &
method giving the best results when variance ofnhise incorporated in blurrincrocess i known a priori. In
TSVD decomposition the knowledgf precise variance of the noigenot necessary to image restorati

The paperalso discusses basis blug forms and their mathematical descriptiofSVD method has &
advantage allowindor the estimation noise level of the image the basis of Picard plot, what makes
attractive in application where the informati@bout noise is not available a priori. e other hanc
w hen the detailed informati about noise level of image is well knowhen Wiener filter seems to
a better solution.

b. High-quality Motion Deblurring from a Single Imagpaper by Qi Shan , Jiaya liac Aseem Agarwala
has present a new algorithm for removing non blur from a single image. Our method computédglaurrec
image using a unified probabilistic model of botlurbkernel estimation and unblurred image restorat
present an analysis of the causes of common agifaand in current deblurring metts, and then introduce
several novel terms within this probabilistic mode&t are inspired by our analysis. These termbidiec a
model of the spatial randomness of noise in therétlimage, as well a new local smoothness priatrbduce:
ringing artfacts by constraining contrast in the unblurred gmavherever the blurred image ibits low
contrast. Finallydescribe an efficient optimization scheme thatralites between blur kernel estimation i
unblurred image restoration until converge. As a result of these stepable to produce high quality deblurr
results in lev computation time. Als@ble to produce results of comparable quality thiéques that requir
additional input images beyond a single blurry plgoaph, and to methods thequire additional hardwau

c. Rotational Motion Deblurring of a Rigid Object froaSingle Imag paper byQi Shan, Wei Xiong, and Jia)
Jia has present : Most previous motion deblurringthods restore the degraded image assuming &

invariant lineablur filter . These methods are not applicabldé blur is caused by spatic variant motions. In
this paper model the physical properties of -D rigid body movement and propose a practical fraoré& to

deblur rotationemotions from a single ima¢ The main observation is that the transparency cue lofieed

object, which represents the motion blur formafimm an imaging perspective, provides sufficieribimation

in determining th@bject movements. Comparativ, single image motion deblung using pixel color/gradiel
information has large uncertainties in motion repreation and computation. The effectiveness ohateis

demonstrated using challenging image exam

d. Single Image Motion Deblurring Using Transpare by Jiaya Jia,The Chinese University of Hong Ko
2007 IEEEpaper has demonstraOne of the key problems of restoring a degradedye from motion blur is
the estimation of the unkmm shifting variant linear blur Iter . Several algorithms have bi proposed using
image intensity or gradient information. this paper separate the image deblurring iffilter estimation and
image deconvolution processes, and pro a novel algorttm to estimate the motion blurlter from a
perspective of alpha values. The relnship between thebject boundary transparency and the image mt
blur is in vestigatediprmulate the flter estimation as solving a Maximum a Poisté (MAP) problem with the
defined likelihood angbrior on transparen.

3. DEBLURRING OF IMAGE WITH WIEN ER FILTER:

The Wiener filter is used for deblurring an imagethe case when the blur kernel (point spread fonkts
known. We compute the Fourier transform of the debd image |

by:F =(G/H)*( H|2/(k+|H[2)

where

G = Fourier transform of original blurry imag

H = Fourier transform of blur kerne

k = deblurring parameter (k 0)
Setting the value of k is the hard part. The valbeuld depend on the amount of noise we expettdnnage
If the M x N image hasaussian white noise with variane2 then we would sek= MNog2. But in general, we
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don't know the variance of the noise so we will dh&w estimate it. Note that if the image has nsedblur
only), then we can set k=0.

The inverse filter does a terkibjob due to the fact that it divides in the freqay domain by numbers that :
very small, which amplifies any observation noisetie image. In this blog, I'll look at a bettepapach, base

on the Wiener filter.
If the blurring process is presedtin the form (2), then tl restored image can bbétained by convolutin

with the PSF function of linear filter [:

Or in spectral domain:

where: AF( uy= DFEYf( n p)J,
H (u,v)= DFT2[ h(n, n)],

G(u,v) = DFT2[ g( 5, n)] and DFT: means twadimensional Discrete Fourier Transform. Wheisex

term in (2) is absent, then the relationship spatial domain between blurring PSF fiomrc and PSI
function oflinear filter is of the form:
h(n,n)* K(n n)

N-1M-1

=22 0(k k) K(n-k n-k)=5(n 1

koK

o(n,n,) is Dirac delta function and in spectral dom:

H(uv)K(uv)=1= H(uy= K(uv)

K (u,v)= DFT2[ k( R, n)]

In this case, the blurred image can befeptly reconstructed by linear filter of P&mction fulfilling
the relationship (9). However when noise term3hié present, then application of filter of fllifig the
relationship (9)eads to the following reconstruction of dedgd image [1]

Fluv)=H(uy &(uy

o (KD (s N )

N(u,v)
K (u,v)
N(uv)= DFT2[ { n, n)]

As it can be seen from (10), two facton ccause poor reconstruction of the imagest Fiesulting
from existence of frequencie@, v) for whichK(u, v) approaches to zero, wh in turn can lead to

F(u,v)+
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the lack of the solution of (10). Secondere\if the solution happens to exist, forgfrencies(u, v),for
which ,K(u, v) has small values, the noise term is amplifieghiicantly second term in (10
In order to minimize the influence of notsem on the whole reconstruction, the PSFtionoof filter

is calculated such that minimizes the n-squared error (MSE) between originf(n 1 n2)and
reconstructed imagé(nl n2)

N-1M-1

MSE= ( f(n.n)-"1(n @))2

Ny N,

Minimization of (11) leads to modified fornaulforh (n1 ,n2) PSF function of filter having followin
for min spectral domain

K" (u,v)

(V) K(w) [ $(uyr s( u)

H (u,v) =

where:k*(u, v)is a complex conjugate k (u, v)ands, (u, v)and & (u, v)are the power spectrum of tl
noise and ideal image respectively. If ti@se is uncorrelated then its power spectsigasy availabl
by:

S.(uy=g. forall(uyv)
Where: g-i is a noise variance.

Basedon it, it is possible to estimate power dpgu of original image on the basis of poaeectrum
of blurred image (u ,v)and the information about the noise variance

s (uy=s(u¥-o,
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Figl. Image deblurring process by wiener filter

In Wiener filter approach, inforation about the noise variance is necessargood quality restoratio
Fig.1a $iows original image, and Fitb shows distorted image through out of fodsr of L=10 with
Gaussia noise of variance=1. Fic shows the image restored by Wiener filiened to variance (1.
Figld shows image restored by the same filteth vihe variance parameter of 5. As it can deen,
Wiener filter tuned to the actual noise vaca almst perfectly reconstructs the original ima
(INSR=1,55dB). However, mismatching filter vari® parameter to actual noise variance c:
significant degradation of filter's performang®SR=-0.13dB).

The main drawback of Wiener lter is the necessity of a priori knowledgef type and

magnitude of noise, which is often unavailable hardly accessible in practi

4. FOURIER FILTERING
4.1 INTRODUCTION & OBJECTIVES

Almost every system or sidndhat scientists and engineers deathwcan be viewed in sever:
different ways. They can exist as ancfion of space, defined by physical paramdieedength,
width, height, color intensity, anothers. Tley can exist as a function of time, defined by ¢fesnin any
measurable characteristic. They can also exist &snetion of frequency, defined the composition of
periodicitythat make up light, sound, space, any other dynamic system osignal. Furthermo,
since analysis techniques diffetepending on which domain the signal is being yaeal in, spatial an
temporal signals can be converted intee frequency domain, or v-versa, for mathematica
convenience or more effective data actjoisi Fouier and Laface transforms are the functions u
for the conversion between these dom:i

Frequency domain analy is performed by considering the individual fnegcy componentsf the
full range of frequencies that one such signabimprised of. A useful application for th method is in
considering problems like motion kin images. Since devices such as cameras dapttie an image in ¢
instant, but ratheover an exposurtime, rapid movements cause thacquired image to have blur thi
represents onebject occupying multiple positions over isthexjosure time. In a blurr image,
edges appear vague and washed out me that over those are#iseir frequency compones will be similar.
Ideally, the edges woultk sharp and that would be reflectdy a significant frequency
difference along those g@sk. This project explo the efficiency of using frequency dome
techniques to remove motion blur from ima

The overall approach consi of taking an image, converting it intdts spatia
frequencies, developing a point spread tfanc (PSF) to filter the image with, and th
converting the filtered result back into the sgatiamain to see if blur was removed. This was genfd in




International Journal of Research in Acvent Technology (IJRAT)
Vol. 1, No. ;, September2013, ISSN: 2321-9637

JR AT

several steps, each of which built from having eatgr understanding of the one prece it. The first
step was taking a normal (i.e. noturt@dd) image, creating a known blurring PSd then
filtering the image so as to add btor it. The next step wremoving this blur by various metho
but with the informatiorabout the PSF that was used to creag blur. After that, «blurring was
performed without knowing anything about tuna of the blurring PSF, except fats size.
Finally, analgorithm was developed for removing blfiom an already blurry image with
information regarding the blurring P

4.2 BLURRING

The first process that was performed creatipgiat spreadunction to add blur to an image. T
blur was implemented by first creating a PSF filter iatlab that woulcapproximate linear motion blur.
This PSF was then convolved wthe original image to produce the blurred ima@envolution is a
mathematical process by whiarsignal, in this case the image, asted on by a system, tt
filter, in order to find the resultingignal. The amount of blur added the toriginal image
depernled on two parameters of the PSF: lengf blur (in pixels), and the anglef the blur.
These attributes were altered to generate diffexemdunts of blur, but ultimately a length of 31 gisxand ai
angle of 11 degreasere found to add sufficient motion blur to the ga

4.3KNOWN PSF DEBLURRING

After a known amount of blur was oduced into the mage, an attempt was made to rest
the now blurred image toits original form. Thi was done usingeveral algorithms. In our treatment

blurred image, i results from:
1(x)=s(x)0 oA+ ()

Where s is the point spread func and is convolved with the ‘'perfect’ g®a o. In addition,
some additive noise, n, may be presere d-blurring algorithms used here (L-Richardson,
Wiener, and regularized), all attempt to get orrfritie eqution above by means of deconvoluti

The Weiner filter is an inverse filter that empl@ linear deconvolution method.

Linear deconvolution means that the output (0)lisgar combination of the input. W an inverse filter we
imagine thatthere exists inverse Fourier transform af transfer function y( such the

o(x)=y(X 1 i(¥
We may change the 1st equation to theu#reqy domain by usg a Fourier transform. Neglecting
noise, we have:

I (w) =7(w) O(w)

Now the image may have a band lirQ. In this case it is not goad work close to this limit. It has be:
found that the optimum band widttQp is given by

Q, =Q{l— o, } Where
CDLD
F ., and f,, are the power spectra of the object and noisegotisely. Given all of this, Norbert Wiener fou
the optimum transfer function to |

So, Pbr the restored image, we have because the Waeiteari§ a linear filter, it is computationallyeds
intensive but it also gives poorer resulighen noise is introduced. Higher qualifilters, such
as the Lucy-Richardson, are niimear.
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The LucyRichardson algorithm is derived from wofing statistics by means of maximizing
likelihood of the solution. The image i is given

i(x)=0(x)0 (%

5. RESULT

Two main approaches were used to etalutne results of the aforementioned gdoces. Th

first was a simple qualitative measureblur removal. A known amount of blubut no noise, was added t
an image, and then the imagas filtered tcremove this known amotunof blur using Wiene

regularized and Lucy-Richaats deblurring methods. The regularized and ‘&t techniques produced
what appeared to be the bestresults. Theg laegeh able to restore thamage to its origine

form, although it was grainier. This gnai effect was especially prevalent iegions that had
been low incontrast prior tthe initial blurring. We believe #thito be due to the fact th
in low contrast regions the blur factosmeared relatively similar tones into wde,

indistinguishable ones that could not Iperfectly restored. It was surprisindgiet the Lucy-

Richardson method producedthe wresuts in this instance, asit is a-linear technique, and
supposedly moradvanced. Hoever, after Gaussian noise was admeithe image in addition to blur, tl

Lucy-Richardsn algorithm actually performed the b

This context help make sense of the iptsv problem because when just blur is edddnly a
linear modification is being made and #oe linear Wiener restoration technishould work the
best. Introducing Gaussian noise, andsthar degree of spatial non linearity, caubednonlinea
Lucy-Richardson method to produce the best res

As information about the PSF that was used to pertbe bluring was removed from the algorithms, tl
efficacy of blur removal dropped. In ethblind deblurring method, the majorityf dhe blur
itself was removed, but a lot of thmage’'s original detail was It and a “ringing” effect coulc
be seen across the entire image. The gnges a result of using a PSF designe remove
blur in areas of high contrast (edgdsere blur should be most promine over the entire
image, and thus creating high contrast waves across the image. The imagealityu was
vastly improved when the edge checking fumcivas implemented so that only true edges wouldive
this edge deblurring treatment.

This context help make sense of the iptsv problem because when just blur is edddnly a
linear modification is being made and #uwe linear Wiener restoration techniqueuttho work th
best. Introducing Gaussian noise, andsthar degree of spatial non linearity, caubednonlinea
Lucy-Richardson method to produce the best res

As information about the PSF that was used to pertbe blurring was removed frc the algorithms, the
efficacy of blur removal dropped. In ethblind deblurring method, the majorityf dhe blur
itself was removed, but a lot of thmage’s original detail was lost and anging” effect could
be seen aoss the entire image. 1ringing was a result of using a PSkEsighed to remove
blur in areas of high contrast (edgésere blur should be most prominent)erovthe entir
image, and thus creating high contrast waves across the image. The imagealityu was
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vastly improved when the edge checking fumcivas implemented so that only true edges wouldive
this edge deblurring treatment.

While qualitative analysis is a good firstep for determining whettan image processing
technigue has succeeded or not, quaatiific of the results is necessary. Qtiaation allows
for a more exact measurement of improvement, and ermoportanty, allows for comparisc
between the efficacies of different melho In this instance, quantification waserformed by
finding the mean pixel intensityalue over aregion, the standard dewiatiof the pixel values
over that same region, and then detenginithe image contrast ratio; the oratof standard
deviation to the mean. Th&tio normalzes the standard deviation so that anyngém to the
mean intensity caused by our filtering techniguoeild not influence determination of filter ajity, and act:
as a direct measure of image contrast. Cetntatio for a restored image should higher than that
of the original blurred image. The masfor this is that blurring an imagguses the pixe
surrounding a moving edge, the area r& motion blur occw, to become washed out and all t
on similar intensityvalues. This leads to a low standard deviationtikelato the mean. Once the image
filtered, however, cdnast between the edge and object should be restored and this contrast will caa
higher value forthe standard deviation to meratio. Comparisons between blurred and filteredgesawere
made using @arameter of percent improvem

Pixel Contrast Measurement for Blurred and Filtered Full Images

Image Blurred Ratio Filtered Ratio Improvement (%)
Woman 0.0975 0.0986 1.13%

Train 0.0737 0.0746 1.22%

Fish 0.1027 0.1044 1.66%

Table 1: Deblurring Efficacy for Three Full Images

Pixel Contrast Measurement for Blurred and Filtered Image Segments

Image Blurred Ratio Filtered Ratio Improvement (%)
Woman Segment 0.0323 0.0370 14.55%
Train Segment 0.0520 0.0573 10.19%
Fish Segment 0.0517 0.0630 21.86%

Table 2: Deblurring Efficacy for Three Image Segments

Pixel Contrast Measurement for Various Techniques (No Noise Added)

Technique Blurred Ratio Filtered Ratio Improvement (%)
Wiener 0.0517 0.0606 17.21%
Regularized 0.0517 0.0606 17.21%
Lucy-Richardson 0.0517 0.0563 .90 %

Tahle 3: Deblurring Efficacy for Three Filtering Techniques

Pixel Contrast Measurement for Various Techniques (Noise Added)

Technique Blurred Ratio Filtered Ratio Improvement (%)
Wiener 0.0507 0.0692 36.49%
Regularized 0.0507 0.0691 36.29%
Lucy-Richardson 0.0507 0.0543 7.10%

Table 4: Deblurring Efficacy for Three Filtering Technigues with Added Noive
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The blur function applied is linear therefore
the Wiener filter {which is linear) mrns out
to be the best algorithm to deblut the
image.

The regularized was a little worst than the
Wiener filier to unblur the image.

The Lucy-Richardson turned out to be the
worst for a simple linear blur, even though
the image was ok

Lucy Richardson

Fig a. image with no noise
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‘When gaussian noise is added to the blur,
Wiener filter gave the worst result.

Wiener filter

Regularized filter was a little better than
‘Wiener but still it was a poor quality
image.

Regularized filter

The Lucy Richardson gave a very good
result -much better than the two other

filters.

Nate : Printing degrades guality of image,
the higher resolution image is a better
gueality.

Lucy Richardson algorithm

Fig b. image with gaussian noise

According to Table 1, the technique we developedfmd filtering increased the contrast ratio as@ach o
the images that it was used on 6 by a little mbemt1% each. While this does suggest that the ibeertrast
of each image was improved,is not the most meaningful way to consider the&ad&ince blur does not occ
uniformly across an entire image, but rather magtiicantly along moving edges, the most apprdgriaay to
measure the success of our method is to find timrast ratic across a severely blurred region. This 1
accomplished by isolating a highly blurred subdehe original image, and comparing it to the saub set ir
the filtered image. Table2 shows that over regioinisigh blur, the contrast ratio for thetered image is ten
to twenty percent greaterthanin the ogfiblurred image- a significant increase. The high contr
ratio came froman image (Fish) with compuaelded blur while the lower contrast oatiwere ound
in images (Woman and Train) with naturahotion blur due to movement during aga
acquisition exposure time. Because thenpder generated blur was maevere than natural blul
it makes sensdhat a greater degree of contrast rastm occurred in the image that was blu
computationally.

Finally, comparisons were drawn betw the regularized, Lucy-Richardsamd Wiener filtering methoc
for an image with computatially generated blur under both no noise addedd Gaussian noise add:
conditions. Table 3 confirms the qualatobservations that were made, demonstrating\eiher anc
regularized techniques show alm twice as much impvement over the blurrimage than Lucy-
Richardsordoes. The results shown in Table 4, thificacy of these techniques when @ois
added, appear odd at first glance. Thk&tremely high values fc Wiener and regularize
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techniques are actually a result of their inabildyfilter out the noise across the region of iegtr This makes
the contrast appear much higher than slitould be for a “well processed” imi The lower,
but still reasonable, contrast value fburin the Lucy Richardson method in thisstance
actually represents that method’s supeyioffior instances in which noise is adc

6. CONCLUSIONS

Through this paper, severalechniques for frequency domédmage processing were explored. B¢
presented here deblurring methods lend themsetveetimagereconstruction. In  the implest of these,
motion blur wasadded to a deblurr image. In the most advanced, blur was filteredadw partially blurrec
image when no information regarding the blgrirPSF was known. This v accomplished by
optimizing an edge detection algorithm, fimgli how to setappropriate thresholds for restorir
blurred out PSFs, and discerning how mfiltering iterations were necessary to reathe blur.
Ultimately improvements on the order of ten to ttygmercent were obtain.
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