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ABSTRACT

In this paper a waveletbasedmethodis proposedo estimatethe
blur in animageusinginformationcontainedn the imageitself.
We look at the sharpnessf the sharpesedgesn the blurredim-
age,which containinformation aboutthe blurring. Specifically
a smoothnessneasurethe Lipschitz exponent,is computedfor
thesesharpestedges. When one assumeghat 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 parameteandthe magnitudeof the Lipschitz expo-
nentis shavn, which is only dependenbn the blur in theimage
andnot on theimagecontents.This allows usto estimatethe blur
parametedirectly from theimageitself.

1. INTRODUCTION

Blurring of edgesn animageoccursin mary differentfields. Im-
agebluris modelledas:

g(z,y) = (h* f)(z,y) 1)

with g(x, y) theblurredimage, f (x, y) theunknovn sharpimage
andh(z,y) thepointspreadunction (PSF). Thesymbolx repres-
entsthe corvolution operatoy which modelstheimageblur. It is
in facttheresponsef theimagingsystemo anidealpointsource.
This blur is oftenunwantedandhasto be compensatetbr (thisis
imagerestorationandis appliedin astronomymedicalimaging,
microscop, . . . ). For this purposetheblur mustbe estimatedo
restoretheidealimagef (x, y) from degradeddatag(z, y).
Sometimesthe blur containsextra information. For example, it
canprovide information aboutthe settingsof the camera.When
dealingwith autofocuameraspneexpectsto find asharpimage,
becausédeally all naturalimagescontainsharpobjectsin front of
a background. When the camerais out of focus, the sharpness
of the sharpesedgesthat are still presentin the imagegivesus
informationabouthow muchan out-of-focuscameraneedsto be
adjusted.

Blurred edgescan also provide information aboutthe 3D nature
of the sceneitself. In thoseapplicationsdepthis estimatedrom
focus/defocugl, 2]. Again,weassumehatall objectsin frontof a
backgrounchave sharpedges.However, only objectsin thefocal
planeareimagedwith sharpedges. For objectsnot in the focal
plane thesesharpedgesareblurredin proportionto their distance
from thefocal plane thusproviding somedepthinformationabout
theimage.

In this paper a methodis proposedo estimatethe PSF in anim-

ageby estimatinghow sharpthe sharpesedgesstill presentn a
blurredimagestill are,in orderto find informationaboutthe PsF.

In particular our methodestimateghe varianceoy; of a gaussian
PSF from informationcontainedn theimageitself:

1 —GP+)/eod) )

PSF(z,y) = 5
bl

Our methodcan estimatethe imageblur o3; with anaccurag of
about10%. Othertechniquedor blur estimationusing Gaussian
PSF’s [3, 4] usederivatives of the Gaussiarpsr to determinethe
varianceof the Gaussiarblur. We presentan alternatve method,
which doesnt usederwvatives,but a measuref the smoothnessf
theimageat a certainposition. This methodcanalsobe extended
to gaussiarpsF sthatarenotaxially symmetricabndevento PSF's
thatarent evengaussianFor out-of-focusblur, auniformcircular
PSF is used[5, 6]. Our methodrequiresonly minor modifications
to adaptto thiskind of psr, aswill beshavn in the paper

2. PRINCIPLE

2.1. Sometheory

Our methodfor blur estimationis basedon estimatingthe sharp-
nessof the sharpesedgesin theimage. To analyseedgesin the
image,we calculatethe Lipschitz exponentin all pointswherea
changen intensityis found eitherin the horizontalor vertical dir-
ection. The Lipschitz exponent(sometimegeferredto asHolder
exponent)is a measureof how smooththe imageis in a certain
point. In fact, it is an extensionof how mary times the image
is differentiablein a certainpoint. For example,a signalthatis
differentiableonce,hasLipschitz exponentl, a stepfunction has
Lipschitz0 anda diracimpulseLipschitz—1. In the waveletdo-
main, it is possibleto calculatethe Lipschitzexponentin acertain
pointin the imagefrom the evolution of the modulusmaximaof
the wavelet coeficients correspondingo that point throughsuc-
cessie scales.Thisis illustratedin figure 1: for a sharpvariation
in amplitude the wavelet coeficientsdecreasén magnitudeand
for a smoothvariation, the wavelet coeficientsincreasein mag-
nitude. Fromthisrateof increaseor decreas¢éhroughthe success-
ive scalesthe lipschitz exponentcanbe calculated asMallat has
shawvnin [7, 8, 9].
FromtheLipschitzexponentghusfoundalongthesignificantedges
in theimage,a histogramis made.For this histogramwe divided
therangeof Lipschitz exponentsn intervals with a width of 0.1.
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Figure1: Estimationof lipschitz regularity for a onedimensional
signal.

Becauseve restrictedthelipschitzexponentgo thosecorrespond-
ing with transitionswith large amplitude,we alreadyfiltered out
the sharpestransitionswith alargeamplitudein theimage.From
this histogram we wantto estimatethe blur. The centerof grav-
ity (cG) of the histogramshaved to be relatedto the blur in the
image. We calculatedthe Lipschitz exponentthat correspondso
cG of the histogram,and determinedhe averageca,,, over the
whole setof testimagesblurredwith the sameo,;. To thesedata
(w1, CGoy, ), anexponentialcurve wasfitted experimentally The
fitting was

op = a exp(b CGgyy, ) (©)]

2.2. Robustnessto noise

The techniquedescribedabove is noise sensitive, as could have
beenexpectedfor ary techniquebasedon finding local maxima.
In applicationslike confocalmicroscoy or digital cameraspur
initial experimentshav thatapplyingamediarfilter is asuficient
preprocessingtepfor reliable blur estimationbecausehe noise
is impulselike. In generalcaseshowever, whenno precautions
are taken, noisewill disturbthe blur estimation. Thereare two
reasondor this. Thefirst reasons becausedgesarent detected
accuratelyin the presencef noise. The secondreasonis thatthe
lipschitzexponenton detectededgesaredisturbed.

In [?], the problemof edgedetectionin the presenc®f noisewas
handledby gaussiarsmoothing.In [3], thistechniques incorpor
atedin a probabilisticirameavork, andan expressions givenhow
muchanedgemustbe smoothedo obtainreliabledetection.This
degreeof smoothingdependsn the contrastof the edge the ori-
ginal edgesmoothnesandthe noiselevel. The minimal degree
of extra smoothingrequiredis calledthe minimumreliable scale
for that positionin the image. To actually computethis value,
one needsthe edgecharacteristicandthe noiselevel, which are
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(c) Histogramof lipschitzexponentsalongedges
of imagein (b) with extrasmoothingappliedas
preprocessing

Figure2: Blur estimationusedin restoratiorof arealimage.

oftenunknawn. In practice,the parameteraredeterminedterat-
ively until areliability criteriumis satisfied.This is quite a time-
consumingprocedure.

We've performedsomeexperimentswith the techniquedescribed
in [?] on our setof testimages. We wantedto know how much

smoothingvasrequiredn orderto obtainareliableblur estimation
in the presencedf noise. This additionalsmoothingwas applied

asa preprocessingtepin our own blur estimationtechniqueas

describedbefore. The additionalblur value was later subtracted
from the blur estimatedin the smoothedimage & to obtain the

original blurin theimage:

Obl = 62 — Ufzostblur (4)
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Figure3: Blur estimationusedin restoratiorof arealimage.

3. APPLICATIONS

3.1. Imagerestoration

In this sectionwe will shov how the blur estimationcanbe com-
binedwith classical(non-blind)imagerestorationtechniquesjn

orderto adapthemto unknavn blur. In figure3, aconfocalmicro-
scopeimageof a cell nucleusof ArabidopsisThalianais showvn.

The left imageshaws the raw microscopamage,the right image
shaws the image,restoredwith the well known Richardson-Lug
restoratioralgorithm[10], usingtheraw imageandour estimation
of the PSF asinputs. As a comparisonwe also determinedsy,

manuallyby restoringthe imagewith differentvaluesof o5 and
selectingthe imagewith the bestvisual quality. The valueof o

that correspondsvith this image,wasthe sameasthe oneestim-
atedwith our method.

3.2. Autofocus

We alsotried to estimatethe PSF in caseof out-of-focusblur. This
kind of blur is encounteredh autofocusapplicationsandis mod-
elledby a uniform circular PsF [5, 6].

K if

2 2
PSF(m,z):{ 0 Ayt < (5)

elsavhere

with r theradiusof thefocal spotand K afactor chosersuchthat
thenormof thepsFis 1.0.

To estimater..o: from a capturedmage,we repeateche same
experimentas before, but this time with syntheticout-of-focus
blur. In this caserelation3 is not valid anymore. For out-of-focus
blur, a polynomialprovideda goodfit to the data:

Tfocat = 19.7CG° — 19.1 ¢G> + 17.3¢cG — 2.3.

objective lens

imaging plane

Figure4: Autofocusapplicationof blur estimation.

Using this relation,we canestimater¢...;. Thisis illustratedin

5. Theseimageswere used,capturedirom a Sory DFW-VL500

cameraThediametemnf thefocal spotwasestimatedo bezeroin

thefirst image,and 10 pixelsin the secondmage,which proved
to becorrect...

In mostautofocusapplicationsonedoesnt estimatethe PsF of the
blurring, but one only tries to determinewhetheranimageis in

focusor not. This caneasilybe checled by computingthe total

normof theimagegradient.Whenthis normis maximal,theimage
is in focusbecausé¢heimageis onits sharpestHowever, this can
bealot of guessingeforeoneactuallyfind this point of maximal
gradient.

In figure 5, the usageof blur estimationin autofocusapplications
is illustrated: a is the distancefrom thelensto theimagingplane,
whichis atadistance from thefocusof the objective lens,which

hasanapertureA. Thefocal distancas thengivenby f = a + b,

andonehasto move the imagingplaneby b in orderto obtaina

sharpimage.

Neverthelessit is possibleto retrieve moreinformationaboutthe
blurring, andto useit to adjustthe focus more accurately One
cancalculatethesizeof thefocal spotrs,..; andwhenoneknows

thefocal distancef andthe apertureA of the objective lens,one
can calculatehov muchthe focus needsto be adjustedfrom the

following relation:

A/2
tg o= / — T focal

f b

The only unknowvn aspectis if the imaging planeis in front of

or behindthe focal plane. This canbe solved by one additional
measuremerdf r ¢,.,; With adifferentfocal distancecheckif the
situationimproves or getsworse, and correctthe focal distance
accordingly

andcorrectthefocal distanceaccordinglyif necessary

4. CONCLUSIONSAND FUTURE WORK

In theexperimentsyve seethatthe cG of thehistogranof Lipschitz
exponentscalculatedamongthe edgesin the imageis a reliable
parameteto estimategparametrianodeledblur in animage.How-

ever, the standarddeviation on the estimateincreasessthe blur
increases Applying additionalblur reduceghe effect of noisein

our blur estimationwithin an acceptablgangeof blur and noise
values.
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(a) Sharpimage (b) Imageout of focus

Figure5: Autofocusillustrationof arealimage.
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