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ABSTRACT

In this paper, a waveletbasedmethodis proposedto estimatethe
blur in an imageusinginformationcontainedin the imageitself.
We look at thesharpnessof thesharpestedgesin theblurredim-
age,which containinformationaboutthe blurring. Specifically,
a smoothnessmeasure,the Lipschitz exponent,is computedfor
thesesharpestedges. When one assumesthat the blur can be
describedby one parameter(e.g., blur from a gaussianPSF can
be describedby the varianceof the gaussian,defocusblur can
be describedby the radiusof the circular PSF, ����� ). A relation
betweenthis parameterandthemagnitudeof theLipschitzexpo-
nent is shown, which is only dependenton the blur in the image
andnot on theimagecontents.This allows usto estimatetheblur
parameterdirectly from theimageitself.

1. INTRODUCTION

Blurring of edgesin animageoccursin many differentfields. Im-
ageblur is modelledas:

	�

����������
���������

������� (1)

with 	�

������� theblurredimage, ��

������� theunknown sharpimage
and � 

������� thepoint spreadfunction(PSF). Thesymbol � repres-
entstheconvolution operator, which modelsthe imageblur. It is
in facttheresponseof theimagingsystemto anidealpointsource.
This blur is oftenunwantedandhasto becompensatedfor (this is
imagerestoration,andis appliedin astronomy, medicalimaging,
microscopy, ����� ). For this purpose,theblur mustbeestimatedto
restoretheidealimage ��

�����!� from degradeddata	�

������� .
Sometimes,the blur containsextra information. For example,it
canprovide informationaboutthe settingsof the camera.When
dealingwith autofocuscameras,oneexpectsto find asharpimage,
becauseideallyall naturalimagescontainsharpobjectsin front of
a background. When the camerais out of focus, the sharpness
of the sharpestedgesthat arestill presentin the imagegivesus
informationabouthow muchan out-of-focuscameraneedsto be
adjusted.
Blurred edgescanalsoprovide informationaboutthe 3D nature
of thesceneitself. In thoseapplications,depthis estimatedfrom
focus/defocus[1, 2]. Again,weassumethatall objectsin front of a
backgroundhave sharpedges.However, only objectsin thefocal
planeare imagedwith sharpedges.For objectsnot in the focal
plane,thesesharpedgesareblurredin proportionto theirdistance
from thefocalplane,thusproviding somedepthinformationabout
theimage.

In this paper, a methodis proposedto estimatethe PSF in an im-
ageby estimatinghow sharpthe sharpestedgesstill presentin a
blurredimagestill are,in orderto find informationaboutthe PSF.
In particular, our methodestimatesthevariance"�#�$ of a gaussian
PSF from informationcontainedin theimageitself:

PSF
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Our methodcanestimatethe imageblur "�#�$ with an accuracy of
about10%. Othertechniquesfor blur estimationusingGaussian
PSF’s [3, 4] usederivativesof the GaussianPSF to determinethe
varianceof theGaussianblur. We presentan alternative method,
which doesn’t usederivatives,but a measureof thesmoothnessof
theimageat a certainposition.This methodcanalsobeextended
togaussianPSF’sthatarenotaxially symmetricalandevento PSF’s
thataren’t evengaussian.For out-of-focusblur, auniformcircular
PSF is used[5, 6]. Our methodrequiresonly minor modifications
to adaptto thiskind of PSF, aswill beshown in thepaper.

2. PRINCIPLE

2.1. Some theory

Our methodfor blur estimationis basedon estimatingthesharp-
nessof the sharpestedgesin the image. To analyseedgesin the
image,we calculatethe Lipschitz exponentin all pointswherea
changein intensityis foundeitherin thehorizontalor verticaldir-
ection. TheLipschitzexponent(sometimesreferredto asHölder
exponent)is a measureof how smooththe imageis in a certain
point. In fact, it is an extensionof how many times the image
is differentiablein a certainpoint. For example,a signal that is
differentiableonce,hasLipschitzexponent & , a stepfunctionhas
Lipschitz = anda dirac impulseLipschitz > & . In thewaveletdo-
main,it is possibleto calculatetheLipschitzexponentin a certain
point in the imagefrom the evolution of the modulusmaximaof
the wavelet coefficientscorrespondingto that point throughsuc-
cessive scales.This is illustratedin figure1: for a sharpvariation
in amplitude,thewaveletcoefficientsdecreasein magnitude,and
for a smoothvariation, the wavelet coefficients increasein mag-
nitude.Fromthis rateof increaseor decreasethroughthesuccess-
ive scales,the lipschitzexponentcanbecalculated,asMallat has
shown in [7, 8, 9].
FromtheLipschitzexponentsthusfoundalongthesignificantedges
in theimage,a histogramis made.For this histogram,we divided
the rangeof Lipschitzexponentsin intervalswith a width of 0.1.
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Figure1: Estimationof lipschitz regularity for a onedimensional
signal.

Becausewerestrictedthelipschitzexponentsto thosecorrespond-
ing with transitionswith large amplitude,we alreadyfiltered out
thesharpesttransitionswith a largeamplitudein theimage.From
this histogram,we want to estimatethe blur. Thecenterof grav-
ity (CG) of the histogramshowed to be relatedto the blur in the
image. We calculatedthe Lipschitzexponentthat correspondsto
CG of the histogram,anddeterminedthe averageCG 9 ;Q< over the
wholesetof testimagesblurredwith thesame" #�$ . To thesedata
 "�#�$ � CG 9 ;Q< � , anexponentialcurve wasfitted experimentally. The
fitting was

" #�$ �~}��:����

� CG 9 ;Q< � (3)

2.2. Robustness to noise

The techniquedescribedabove is noisesensitive, as could have
beenexpectedfor any techniquebasedon finding local maxima.
In applicationslike confocalmicroscopy or digital cameras,our
initial experimentsshow thatapplyingamedianfilter is asufficient
preprocessingstepfor reliableblur estimationbecausethe noise
is impulselike. In generalcaseshowever, whenno precautions
are taken, noisewill disturb the blur estimation. Thereare two
reasonsfor this. Thefirst reasonis becauseedgesaren’t detected
accuratelyin thepresenceof noise.Thesecondreasonis that the
lipschitzexponentson detectededgesaredisturbed.
In [?], theproblemof edgedetectionin thepresenceof noisewas
handledby gaussiansmoothing.In [3], this techniqueis incorpor-
atedin a probabilisticframework, andanexpressionis givenhow
muchanedgemustbesmoothedto obtainreliabledetection.This
degreeof smoothingdependson thecontrastof theedge,theori-
ginal edgesmoothnessandthe noiselevel. The minimal degree
of extra smoothingrequiredis calledthe minimum reliablescale
for that position in the image. To actually computethis value,
oneneedsthe edgecharacteristicsandthe noiselevel, which are

(a)Histogramof lipschitzexponentsalong
edgesof a blurredimage

(b) Histogramof lipschitzexponentsalong
edgesof imagein (a),with noiseadded

(c) Histogramof lipschitzexponentsalongedges
of imagein (b) with extrasmoothingappliedas

preprocessing

Figure2: Blur estimationusedin restorationof a realimage.

oftenunknown. In practice,theparametersaredeterminediterat-
ively until a reliability criterium is satisfied.This is quitea time-
consumingprocedure.

We’ve performedsomeexperimentswith thetechniquedescribed
in [?] on our setof test images. We wantedto know how much
smoothingwasrequiredin ordertoobtainareliableblurestimation
in the presenceof noise. This additionalsmoothingwasapplied
as a preprocessingstepin our own blur estimationtechniqueas
describedbefore. The additionalblur valuewas later subtracted
from the blur estimatedin the smoothedimage �" to obtain the
originalblur in theimage:

"�#�$ � �" 7 >�" 7������� #�$ � � (4)
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(a) Originalmicroscope (b) Imagerestoredusing
image. our estimation.

(c) Imagemanuallyrestored

Figure3: Blur estimationusedin restorationof a realimage.

3. APPLICATIONS

3.1. Image restoration

In this section,we will show how theblur estimationcanbecom-
binedwith classical(non-blind) imagerestorationtechniques,in
orderto adaptthemto unknown blur. In figure3,aconfocalmicro-
scopeimageof a cell nucleusof ArabidopsisThaliana is shown.
The left imageshows the raw microscopeimage,the right image
shows the image,restoredwith thewell known Richardson-Lucy
restorationalgorithm[10], usingtheraw imageandourestimation
of the PSF as inputs. As a comparison,we also determined"�#�$
manuallyby restoringthe imagewith differentvaluesof "�#�$ and
selectingthe imagewith thebestvisualquality. Thevalueof "�#�$
thatcorrespondswith this image,wasthesameastheoneestim-
atedwith our method.

3.2. Autofocus

Wealsotried to estimatethePSF in caseof out-of-focusblur. This
kind of blur is encounteredin autofocusapplications,andis mod-
elledby auniformcircularPSF [5, 6].

PSF 

��������� � if � 7�� � 7O�D�
= elsewhere

(5)

with � theradiusof thefocalspotand� afactor, chosensuchthat
thenormof thePSF is 1.0.
To estimate��� ����� $ from a capturedimage,we repeatedthe same
experimentas before, but this time with syntheticout-of-focus
blur. In thiscase,relation3 is not valid anymore.For out-of-focus
blur, a polynomialprovidedagoodfit to thedata:

��� ����� $ � &�� �8� CG ��> &�� � & CG 7 � & ��� � CG > ( � � �
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Figure4: Autofocusapplicationof blur estimation.

Using this relation,we canestimate��� �à�à� $ . This is illustratedin
5. Theseimageswereused,capturedfrom a Sony DFW-VL500
camera.Thediameterof thefocalspotwasestimatedto bezeroin
the first image,and10 pixels in the secondimage,which proved
to becorrect...
In mostautofocusapplicationsonedoesn’t estimatethePSF of the
blurring, but oneonly tries to determinewhetheran imageis in
focusor not. This caneasilybe checked by computingthe total
normof theimagegradient.Whenthisnormismaximal,theimage
is in focusbecausetheimageis on its sharpest.However, this can
bea lot of guessingbeforeoneactuallyfind this point of maximal
gradient.
In figure5, theusageof blur estimationin autofocusapplications
is illustrated: } is thedistancefrom thelensto theimagingplane,
which is atadistance� from thefocusof theobjective lens,which
hasanapertureá . Thefocal distanceis thengivenby �â�ã} � � ,
andonehasto move the imagingplaneby � in orderto obtaina
sharpimage.
Nevertheless,it is possibleto retrieve moreinformationaboutthe
blurring, and to useit to adjustthe focus moreaccurately. One
cancalculatethesizeof thefocalspot��� �à�à� $ andwhenoneknows
the focal distance� andtheapertureá of theobjective lens,one
cancalculatehow muchthe focusneedsto be adjustedfrom the
following relation:

ä 	Iåã� á|æ (� � ��� �à�à� $�
The only unknown aspectis if the imaging planeis in front of
or behindthe focal plane. This canbe solved by oneadditional
measurementof � � ���à� $ with adifferentfocaldistance,checkif the
situationimproves or getsworse,and correctthe focal distance
accordingly.
andcorrectthefocaldistanceaccordinglyif necessary.

4. CONCLUSIONS AND FUTURE WORK

In theexperiments,weseethattheCG of thehistogramof Lipschitz
exponentscalculatedamongthe edgesin the imageis a reliable
parameterto estimateparametricmodeledblur in animage.How-
ever, the standarddeviation on the estimateincreasesasthe blur
increases.Applying additionalblur reducestheeffect of noisein
our blur estimationwithin an acceptablerangeof blur andnoise
values.
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(a)Sharpimage (b) Imageoutof focus

Figure5: Autofocusillustrationof a realimage.
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