Estimating imageblur in the waveletdomain
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Abstract— In this paper a waveletbasedmethodis pro-
posedto estimatethe blur in animageusinginformation
containedn theimageitself. We look at the sharpnessf
the sharpesedgesn theblurredimage,which containin-
formationaboutthe blurring. Specifically a smoothness
measure the Lipschitz exponent,is computedfor these
sharpesedgesaA relationbetweerthevarianceof a gaus-
sianpoint spreadunctionandthe magnitudeof the Lips-
chitz exponentis shavn, which is only dependenobn the
blur in theimageandnot on theimagecontents.This al-
lows us to estimatethe varianceof the blur directly from
theimageitself.

|. INTRODUCTION

Blurring of edgesn animageoccursin mary different
fields. Imageblur is modelledas:

g(x,y) = (h=f)(xy) +n(x,y) ()

with g(x,y) the blurredimage, f (x,y) the unknowvn sharp
image and h(x,y) the point spreadfunction (PsF). The
symbol x representghe corvolution operatoy and mod-
elstheimageblur. It is in facttheresponsef theimaging
systento anidealpointsource . Thetermn(x,y) represents
additive imagenoise.

Thisimagedegradatiombscurepartof theinformation
presentin the image. The goal of image restoration,is
to recover this informationas good as possible,andit is
appliedin astronomymedicalimaging,microscop, ... ).
Sometimespnehasinformationabouttheimageblur, but
not always. In the caseno information aboutthe blur is
available,onehasto estimatethe blur to restoretheideal
imagef (x,y) from degradeddatag(x,y).

In this paper a methodis proposedo estimatethe pPsF
in animageby looking how sharpthe sharpesedgesn a
blurredimagestill are,in orderto find informationabout
the PsF. It estimatesn particularthe varianceay of a
gaussiarpsr from informationcontainedn the imageit-
self:

o 0C1?)/(203)

PSF(X,y) = Taron

(2)
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Our methodcanestimateheimageblur oy with anaccu-
ragy of about10%. Othertechniquedor blur estimation
usingGaussiarpsrF’s[1, 2] usederivativesof the Gaussian
PSF to determinethe varianceof the Gaussiarblur. We
presentan alternatve method,which doesnt usederiva-
tives, but a measureof the smoothnes®f the image at
a certainposition. This methodcan also be extendedto
gaussianpsF's that are not axially symmetricaland even
to PsF's that arent even gaussian.For out-of-focusblur,
auniform circular psF is used[3, 4]. Our methodrequires
only minor modificationsto adaptto this kind of PsF.

Il. OURMETHOD
A. Principle

Our methodfor blur estimationis basedon estimating
the sharpnessf the sharpesedgesn theimage. To anal-
yseedgesin the image,we calculatethe Lipschitz expo-
nentin all pointswherea changein intensityis found ei-
therin the horizontalor vertical direction. The Lipschitz
exponent(sometimegeferredto asHolder exponent)is a
measuref how smooththeimageis in a certainpoint. In
fact,it is anextensionof how mary timestheimageis dif-
ferentiablein a certainpoint. For example,a signalthatis
differentiableonce,hasLipschitzexponentl, a stepfunc-
tion hasLipschitz0 anda diracimpulseLipschitz —1. In
thewaveletdomain,it is possibleto calculatethe Lipschitz
exponentin acertainpointin theimagefrom the evolution
of the modulusmaximaof the wavelet coeficientscorre-
spondingto that point throughsuccessie scales. Mallat
hasshavn in [5-7] how Lipschitzregularity vanbe calcu-
latedfor aone-dimensionatignal.

Considerthe coneof influencefor a pointv. The cone
of influencein v (fig. 1) arethepoints(u, s) in scale-place
spacehatarewithin thesupporiof thewavelety, s atposi-
tion vandscales. Now, if thesignalis uniformly Lipschitz
a in theneighbourhooaf acertainpointv, thenaconstant
A exists suchthatall wavelet coeficientswithin the cone
of influencearoundv in the scale-placespacesatisfythe
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Fig. 1. Coneof influencefor apointu.

Fig. 2. Lenaimageanddetail (mirror) which shavs smallin-
tensityvariationsthatdisturbthe blur estimation.

condition

max(|W (u,s)[) = As*+/2, (3)

whichis equialentto

max(log, W (u,9)]) = log, A +log,(a+1/2).  (4)

Here, |Wf(u,s)| representdhe modulusof the wavelet
transformof f(x) at resolutionscales. The Lipschitz
regularity in at v is given by the maximum slope of
log, W f(v,s,x)| asa function of log, s alongthe lines of
modulusmaximathat corverge towardsv within the cone
of influence.

B. Practical considerations

The wavelet decompositiorof the imageis calculated,
andby following the modulusmaximaof the wavelet co-
efficients correspondingo a certain point in the image
throughdifferentresolutionscalesthe Lipschitzexponent
in that point is calculatedby fitting an exponentialcurve
to themodulusmaximaversusthe scale,asdescribecear
lier [5-7]. A problemin this approachis that even mi-
nor intensity variationsin smoothregionsresultin Lips-
chitz exponentghat correspondvith sharpedges.An ex-
ampleis shown in figure 2. In the mirror region at the
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Fig. 3. The graphthat shows the fitted relation betweenthe
estimatedsy andca of the histogramof Lipschitzexponents.

Estimated sigma

N W A o o
P

0 T T 1
0 2 4 |nputsigma 6

Fig. 4. Verification: the estimatedoy, in function of the input
op areonaperfectline .

right of thefamousLena’ image,we canseewhatcauses
this effect. Whenmagnifiedandwith enhancedontrast,
we seetheintensityvariations,evenin apparentlysmooth
regions. The problemis to distinguishsharptransitions
whith asmallamplitudefrom smoothtransitions.This dis-
turbsour estimatiorof theblurring of theimage.However,
transitionswith smallamplitudearenotlik ely to belongto
dominantmagefeatures Becausave work in thewavelet
domain,we restrictour analysisto featuresthat produce
a gradientabove a certainthreshold. This gradientis ex-
tractedfrom the wavelet detail coeficientsin the highest
resolutionscale. The thresholdwas determinedempiri-
cally so that majorimagefeatureswere visible. Empiri-
cally, this thresholdsorrespondsvith 30/ 0y, .

Fromthe Lipschitzexponentshusfoundalongthe sig-
nificantedgesn theimage,a histogramis made.For this
histogram,we divided the rangeof Lipschitz exponents
in intenvalswith awidth of 0.1. Becauseve restrictedthe
lipschitzexponentgo thosecorrespondingvith transitions
with large amplitude,we alreadyfiltered out the sharpest
transitionswith a large amplitudein theimage. Whenwe
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(b) Lipschitzhistogram.

(a) syntheticimage

Fig. 5. Blur estimationon syntheticimage.
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Fig. 6. lllustration of the offseteffect whencomparingthe dif-
ferentimages. The top setof curvesis without subtractingthe
offset; the bottomsetis aftersubtraction.

malke a histogramof theselipschitzexponentswe expect
a single peakcorrespondingvith the smoothnes®f the
sharpesedges.Whenwe have synthetictestimageswith
large constantregions and stepedges,we only have one
kind of transitions,namelythosestepedges.Whenthese
edgesare blurred, we obtain a histogramwith one peak,
correspondingwith the sharpnes®f the blurred edges.
This is illustratedin fig. 5. In reality, we have a certain
distribution aroundthis peak,from which we wantto es-
timatethe blur. Both the positionof the maximumin the
histogramandthe centerof gravity (CG) of the histogram
arerelatedto the blur in theimage,but from experiments,
thecc wasthemostreliableparameterLet Nk bethenum-
berof transitionsalongsignificantedgesn theimagewith
Lipschitzexponentay, thenca is:

ce — >k Nk ak
>k Nk

(5)

C. Experiments

We studiedatestsetof eightimagestakenfrom theKo-
dakwebsite[8] andweretakenwith digital camerasFrom

theseémagessquareregionswereselectedo reducecom-
putationtime. In eachexperiment,animagefrom this set
wasblurredwith a gaussiarpsr with oy, varyingbetween
1 and5. Eachtime, the Lipschitz exponentswere calcu-
latedamongthe edgesin the blurredimage. For control
purposesthey were plottedin a Lipschitz representation
image, wherean intensity is associatedvith the magni-
tude of the Lipschitz exponent. We madethe histogram
andcalculatedhe cG the histogram.

An exampleof suchan experimentfor blurring with a
GaussiarpsF with varianceop = 3 is shovn in figure 9.
In fig. 9(a) the original imageis shavn, in fig. 9(b) we
seethe blurredimagewith oy = 3. In fig. 9(c), a rep-
resentatioris madeof which exponentscontritute to the
histogramin figure 9(d). In this representatiorthe Lips-
chitz exponentis plottedwith black pointscorresponding
to the sharpestransitionsin the image;the smootherthe
transition, the lighter color wasused. Whenfig. 9(c) is
comparedo fig. 9(a), onecanverify thatthe considered
Lipschitzexponentsareindeedlocatedamongthesharpest
edgeswith large amplitudein the image,thoughnot all
edgesarefoundin 9(c) andnot all dark pointsin 9(c) are
edgesln our method thisis nota problem,sincethey are
only usedfor gatheringstatistics.

We calculatedthe Lipschitz exponentthat corresponds
to cG of the histogram anddeterminedhe averagecag,,
over the whole set of testimagesblurred with the same
op. To thesedata(op,CGg, ), anexponentialcurve was
fitted (figure 3) experimentally wherethe standardievia-
tion over the experimentss shavn asa vertical error bar.
Thefitting was

op = a exp(b cGg,))

(6)

andfor the parametershefitting produceda = 0.6645
andb = 2.6142.

If we comparethe estimatedoy, to the input oy with
which the imageswere originally blurred, we obtainthe
graphin figure4. In thisgraph,we canseethatthe estima-
tionsfor o, areaccuratdo about10%.

Whenwe plot for all the imagesin all blurring experi-
mentsthe estimatedsigmaversustheinput sigma,we see
thatall the curvesaremoreor lessparallel. This suggests
thatin someimages,therewas alreadysomeinitial blur
(seetop setof curvesin figure 6). When this offset is
subtractedrom all curves,the standarddeviation is a lot
smaller(lower setof curvesin figure 6). Sowhatwe esti-
mateis thetotal effect of the blur thatwasalreadypresent
in the original digital image,andthe syntheticblur from
theexperiment.
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(a) Histogramof lipschitzexponentsalong
edgeof ablurredimage
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(b) Histogramof lipschitzexponentsalong
edgeofimagein (a), with noiseadded
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(c) Histogramof lipschitzexponentsalongedges
of imagein (b) with extrasmoothingappliedas
preprocessing

Fig. 7. Blur estimationusedin restoratiorof arealimage.

D. Robustnessto noise

The techniquedescribedabore is noise sensitve, as
could have been expectedfor ary techniqguebasedon
finding local maxima. In applicationslike confocal mi-
croscoyy or digital cameraspur initial experimentsshov
that applyinga medianfilter is a sufiicient preprocessing
stepfor reliable blur estimationbecausehe noiseis im-
pulselike. In generalkcasehowever, whenno precautions
aretaken,noisewill disturbtheblur estimation.Thereare
two reasondor this. The first reasonis becausesdges
arent detectedaccuratelyin the presenceof noise. The
secondreasonis that the lipschitz exponentson detected
edgesaredisturbed.

In [9], the problemof edgedetectionin the presencef
noisewashandledy gaussiarsmoothingIn [1], thistech-
niqueis incorporatedn a probabilisticframeavork, andan
expressionis givenhow muchanedgemustbe smoothed
to obtain reliable detection. This degree of smoothing
dependson the contrastof the edge, the original edge
smoothnessndthe noiselevel. The minimal degree of
extra smoothingrequiredis called the minimum reliable
scalefor that positionin the image. To actuallycompute
thisvalue,oneneedghe edgecharacteristicandthenoise
level, which are often unknowvn. In practice,the parame-
tersare determinedteratively until a reliability criterium
is satisfied.Thisis quiteatime-consumingrocedure.

We've performedsomeexperimentswith thetechnique
describedn [9] on our setof testimages. We wantedto
know how muchsmoothingvasrequiredin orderto obtain
areliable blur estimationin the presenceof noise. This
additionalsmoothingwasappliedasa preprocessingtep
in our own blur estimationtechniqueasdescribedefore.
Theadditionalblur valuewaslatersubtractedrom theblur
estimatedn the smoothedmaged to obtainthe original
blurin theimage:

_ A2 2
Opl = \V 0% — Opogthiur

The effect of the additionalblur is illustratedin figure
7. In figure 7 (a), the histogramof thelipschitz exponents
alongthe edgesa blurredimageis shovn. In (b), addi-
tive noisewas addedto the blurredimage. This additive
noisepollutesthe histogramof thelipschitzexponents.n
(c), we shaw the effect of applyinggaussiarsmoothingto
the image. Here, the shapeof the original histogramof
the lipschitz exponentsreturns,but it is shiftedto larger
valesbecausef the additionalsmoothingthat we've ap-
plied (whichis subtractedo obtainthefinal estimation).

We canconcludefrom our experimentsthatin the ma-
jority of the caseqdifferentblur andnoiselevels),the de-
greeof smoothingrequiredis Opogpiur = 3 pixelswith an
errormaigin of 1. Thisworkswhentheblur is lessthanoy
= 6 andthe noiselessthanongise = 15. Thesearevalues
encounteredh realisticimages.

(7)

E. Realistic applications of our method

Whenwe appliedthis methodto estimateheblur in im-
agesfor which no blur informationwas available, it was
possibleto usethis estimationin a classicalrestoration
schemeln figure 8, aconfocalmicroscopemageof acell
nucleusof Arabidopsis Thaliana is shavn. Theleft image
shaws the raw microscopemage,the right imageshavs
theimage,restoredwith the well known Richardson-Lug
restorationalgorithm[10], usingthe raw image and our



(a) Original microscope (b) Imagerestoredusing
image. our estimation.

(c) Imagemanuallyrestored

Fig. 8. Blur estimationusedin restoratiorof arealimage.

estimateof the PSF asinputs. As a comparisonwe also
determinedoy manuallyby restoringthe imagewith dif-

ferentvaluesof oy andselectedhe imagewith the best
visualquality. Thevalueof oy thatcorrespondsvith this
image wasthesameastheoneestimatedvith ourmethod.

1. CONCLUSIONSAND FUTURE WORK

In the experimentswe seethatthe cG of the histogram
of Lipschitz exponentscalculatedamongthe edgesn the
imageis a reliable parametetto estimateoy of gaussian
blur. However, the standarddeviation on the estimatein-
crease®say increasesApplying additionalblur reduces
the effect of noisein our blur estimationwithin anaccept-
ablerangeof blur andnoisevalues.

Thetestswereperformedonly for vertical edgesin the
image.Applying thealgorithmto horizontaledgeds sim-
ilar, andwill allow usto studyGaussiarpsrF’sthatarenot
circularsymmetricawith Oy x # Oy y).
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(a) Originalimage. (b) Imageblurredwith oy = 3.
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(c) Lipschitz representatlonf theblurredimage.  (d) Lipschitz histogramof the blurredimage.
Fig. 9. Exampleof ablur estimationexperimenton atestimage.



