Estimating image blur in the wavelet domain
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Abstract

In this paper a waveletbasedmethodis proposedo es-
timatethe blur in animage usinginformationcontainedin
the image itself. e look at the sharpnes®f the sharpest
edges in the blurred image, which contain information
abouttheblurring. Specificallya smoothnesmeasue, the
Lipschitz exponentjs computedor thesesharpesedges. A
relation betweenthe variance of a gaussianpoint spread
function and the magnitude of the Lipscditz exponentis
shown,which is only dependenbn the blur in the image
and not on the image contents. This allows usto estimate
thevarianceof theblur directlyfromtheimage itself.

1 Introduction

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

g(xy) = (h*F)(xy) )

with g(x,y) the blurredimage, f(x,y) the unknavn sharp
imageandh(x, y) thepointspreadunction(PsF). Thesym-
bol * representshe corvolution operator and modelsthe
imageblur. It is in factthe responsef theimagingsystem
to anidealpointsource.

This blur is often unwantedandhasto be compensated
for (this is imagerestorationandis appliedin astronomy
medicalimaging,microscop, ... ). In thatcasetheestima-
tion of the blur is neededo restorethe idealimage f (x,y)
from degradeddatag(x, y).

Sometimeshowever, this blur containsextra informa-
tion. For example,it can provide information aboutthe
settingsof the camera.Whendealingwith autofocuscam-
eras,one expectsto find a sharpimage, becausall natu-
ral imagescontainsharpedgessincean objectin front of
a backgroundoroducesharpedges.Whenanimageis out
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of focus, the sharpnes®f the sharpesedgesthat are still
presenin theimagegivesusinformationabouthovy much
anout-of-focuscameraneedgo beadjusted.

Blurrededgesanalsoprovide informationaboutthe 3D
natureof the sceneitself. In thoseapplications,depthis
estimatedrom focus/defocu$l, 2]. Again, we assumehat
all objectsin front of a backgrounchave sharpedges.But
only objectsin thefocal planeareimagedwith sharpedges.
For objectsnotin the focal planethesesharpedgeswill be
blurredproportionallyto their distanceéfrom thefocal plane,
thusproviding somedepthinformationabouttheimage.

In this paper a methodis proposedo estimatethe psr
in animageby looking how sharpthe sharpestdgesn a
blurredimagestill are,in orderto find informationaboutthe
PSF. It estimatesn particularthevarianceoy, of agaussian
psF from informationcontainedn theimageitself:
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Our methodcanestimatethe imageblur oy, with anaccu-
ragy of about10%. Othertechniquedor blur estimatiorus-
ing GaussiamsF's[3,4] usederivativesof the GaussiamrsF
to determinethe varianceof the Gaussiarblur. We present
an alternatve method,which doesnt usederiatives, but a
measureof the smoothnes®f the imageat a certain po-
sition. This methodcanalsobe extendedto gaussiarPsr’s
thatarenotaxially symmetricabndevento pPsF sthatarent
evengaussianFor out-of-focusblur, auniformcircular psr
isused5,6]. Ourmethodrequiresonly minormodifications
to adaptto this kind of PsF, aswill beshavn in thepaper

PSF(X,Y) =

2 Our method
2.1 Principle
Our methodfor blur estimationis basedon estimating

the sharpnessf the sharpesedgesin theimage. To anal-
yseedgesn theimage,we calculatethe Lipschitzexponent
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Figure 1. Cone of influence for a point u.

in all pointswherea changein intensityis found eitherin
the horizontalor verticaldirection. The Lipschitzexponent
(sometimeseferredto asHolder exponent)is a measuref
how smooththeimageis in a certainpoint. In fact,it is an
extensionof haw mary timesthe imageis differentiablein
a certainpoint. For example,a signalthatis differentiable
once, hasLipschitz exponentl, a stepfunction hasLips-
chitz 0 and a dirac impulseLipschitz —1. In the wavelet
domain, it is possibleto calculatethe Lipschitz exponent
in a certainpoint in the image from the evolution of the
modulusmaximaof the waveletcoeficientscorresponding
to that point throughsuccessie scales. Mallat hasshovn
in [7-9] how Lipschitz regularity van be calculatedfor a
one-dimensionadignal.

Considerthe coneof influencefor a pointv. The cone
of influencein v (fig. 1) arethe points(u,s) in scale-place
spacehatarewithin the supportof thewavelet,s at posi-
tion v andscales. Now, if thesignalis uniformly Lipschitz
o in theneighbourhooaf a certainpointv, thena constant
A existssuchthatall waveletcoeficientswithin the coneof
influencearoundyv in the scale-placespacesatisfythe con-
dition

max(|Wf(u,s)|) = As*1/2, ©)
whichis equialentto
max(log, [Wf(u,s)|) =log, A +log,(a+1/2). (4)

Here, |Wf(u,s)| representshe modulus of 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.

2.2 Practical considerations

The wavelet decompositiorof the imageis calculated,
and by following the modulusmaximaof the wavelet co-

Figure 2. Lena image and detail (mirror) which
shows small intensity variations that disturb
the blur estimation.

efficients correspondingto a certain point in the image
throughdifferentresolutionscales the Lipschitz exponent
in that point is calculatedby fitting an exponentialcurve

to the modulusmaximaversusthe scale,asdescribedear

lier [7-9]. A problemin this approachs that even minor

intensity variationsin smoothregions resultin Lipschitz

exponentsthat correspondvith sharpedges. An example
is shavn in figure 2. In the mirror region at the right of

the famous'Lena’ image,we canseewhat causeshis ef-

fect. Whenmagnifiedandwith enhancedontrastwe see
theintensityvariations,evenin apparentlysmoothregions.
Theproblemis to distinguishshargtransitionswhith asmall

amplitudefrom smoothtransitions. This disturbsour esti-

mation of the blurring of theimage. However, transitions
with smallamplitudeare not likely to belongto dominant
imagefeatures. Becausewne work in the wavelet domain,
we restrict our analysisto featuresthat producea gradi-

ent above a certainthreshold. This gradientis extracted
from thewaveletdetailcoeficientsin the highestresolution
scale.Thethresholdvasdeterminegmpiricallysothatma-

jor imagefeaturesverevisible. Empirically, thisthresholds
correspondsvith 30/0p.

Fromthe Lipschitz exponentshusfound alongthe sig-
nificantedgesin theimage,a histogramis made. For this
histogramwe divided the rangeof Lipschitz exponentsin
intervalswith awidth of 0.1. Becauseve restrictedthelips-
chitzexponentgo thosecorrespondingyith transitionswith
large amplitude we alreadyfiltered out the sharpestransi-
tionswith alarge amplitudein theimage. Whenwe male
a histogramof theseLipschitz exponentswe expecta sin-
gle peakcorrespondingvith the smoothnessf thesharpest
edgesWhenwe have synthetictestimageswith large con-
stantregionsandstepedgeswe only have onekind of tran-
sitions, namely those step edges. When theseedgesare
blurred,we obtaina histogramwith onepeak,correspond-
ing with the sharpnessf the blurrededges. This is illus-
tratedin fig. 5. In reality, we have a certaindistribution
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Figure 3. The graph that shows the fitted re-
lation between the estimated o and cG of the
histogram of Lipsc hitz exponents.
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Figure 4. Verification: the estimated oy Iin
function of the input oy are on a perfect line .

aroundthis peak,from which we wantto estimatethe blur.
Both the positionof the maximumin the histogramandthe
centerof gravity (cG) of thehistogramarerelatedto theblur
in theimage but from experimentsthe cG wasthemostre-
liable parameterLet Nk bethe numberof transitionsalong
significantedgesin theimagewith Lipschitz exponentay,
thencaGis:

CG = M (5)

YNk

2.3 Experiments

We studiedatestsetof eightimagestakenfrom theKo-
dakwebsite[10] andweretakenwith digital camerasFrom
theseimages,squareregionswereselectedo reducecom-
putationtime. In eachexperiment,animagefrom this set
wasblurredwith agaussiarpsr with oy, varyingbetweernl
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(a) syntheticimage

Figure 5. Blur estimation on synthetic image.
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Figure 6. lllustration of the offset effect when
comparing the different images. The top set
of curves is without subtracting the offset;
the bottom set is after subtraction.

and5. Eachtime, the Lipschitz exponentsvere calculated
amongtheedgesn theblurredimage.For controlpurposes,
they wereplottedin aLipschitzrepresentatiormnage where
anintensity is associatedvith the magnitudeof the Lips-
chitz exponent.We madethe histogramand calculatedthe
CG thehistogram.

An exampleof suchan experimentfor blurring with a
GaussiarpsF with varianceoy, = 3is shavn in figure 9. In
fig. 9(a)theoriginalimageis shown, in fig. 9(b) we seethe
blurredimagewith o, = 3. In fig. 9(c), a representation
is madeof which exponentscontribute to the histogramin
figure9(d). In thisrepresentatiorthe Lipschitzexponents
plottedwith blackpointscorrespondingo thesharpestran-
sitionsin theimage;the smootheithe transition,the lighter
color wasused. Whenfig. 9(c) is comparedo fig. 9(a),
onecanverify thatthe considered.ipschitz exponentsare
indeedlocatedamongthe sharpesedgeswith large ampli-
tudein the image,thoughnot all edgesare found in 9(c)
and not all dark pointsin 9(c) are edges. In our method,



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

(c) Imagemanuallyrestored

Figure 7. Blur estimation used in restoration
of areal image.

thisis notaproblem,sincethey areonly usedfor gathering
statistics.

We calculatedthe Lipschitz exponentthat corresponds
to cG of the histogram,and determinedhe averagecGg,),
overthewhole setof testimagesblurredwith the sameoy,.
To thesedata (o, CGg,, ), an exponentialcurve wasfitted
(figure 3) experimentallywherethe standardieviation over
the experimentds showvn asaverticalerrorbar Thefitting
was

Op = a exp(b CGqy,) (6)

andfor the parametershe fitting produceda = 0.6645
andb = 2.6142.

If we compareheestimated to theinput o with which
theimageswereoriginally blurred,we obtainthe graphin
figure 4. In this graph,we canseethatthe estimationsfor
Op areaccurateo about10%.

Whenwe plot for all theimagesin all blurring experi-
mentsthe estimatedsigmaversusthe input sigma,we see
thatall the curvesaremoreor lessparallel. This suggests
thatin someimagestherewasalreadysomeinitial blur (see
top setof curvesin figure 6). Whenthis offsetis subtracted
from all curves thestandardieviationis alot smaller(lower
setof curvesin figure 6). Sowhatwe estimates the total
effect of the blur that was alreadypresentin the original
digital image,andthe syntheticblur from the experiment.

When we applied this methodto estimatethe blur in
blurredimagedor whichnoblur informationwasavailable,
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Figure 8. Focus estimation vs real size of the
focal spot.

it waspossibleto usethis estimationin a classicalrestora-
tion schemeandgoodrestoratiorresultswereobtained.In
figure 7, a confocalmicroscopamageof a cell nucleusof
ArabidopsisThalianais shavn. Theleft imageshaws the
rav microscopeimage, the right image shows the image,
restoredwith the well known Richardson-Lug restoration
algorithm[11], usingtheraw imageandour estimateof the
PSF asinputs. As referenceimage,we manuallyrestored
theimagewith asyntheticallygenerate@Gaussianmrsr, with
Op varyingbetweeril and15. Theimagethatwasrestored
best,wasthe one with the sameoy, asthe one estimated
with our method.

We alsotried to estimatethe PSF in caseof out-of-focus
blur. Thiskind of blur is encounteredéh autofocusapplica-
tions,andis modelledby a uniform circular psF [5, 6].
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with d the diameterof the focal spot,andK a factor cho-
sensuchthat the norm of the psr is 1.0. In mostautofo-
cus applicationsone doesnt estimatethe psr of the blur-
ring, but oneonly triesto determinef animageis in focus
or not. Neverthelessit is possibleto retrieve moreinfor-
mationaboutthe blurring, andto useit to adjustthe focus
more accurately We repeatedhe sameexperimentasbe-
fore, but this time with syntheticout-of-focusblur. In this
caserelation6 is notvalid anymore. For out-of-focusblur,
apolynomialprovideda goodfit to the data:

Mfocal = 19.7 cG® — 191 ¢cG® + 17.3¢cc — 2.3. (8)

Using this relation, we can estimater¢ocq. In figure 8 a
comparisonis given betweenthe input blur and the esti-
matedblur. Theerrorbarsshav the standardleviation over
thetestsetof imagesusedbefore.



3 Conclusions and futurework

In the experimentswe seethatthe cG of the histogram
of Lipschitz exponentscalculatedamongthe edgesin the
imageis areliableparameteto estimateos of gaussiarblur.
However, the standarddeviation on the estimateincreases
aso increases.

The testswere performedonly for vertical edgesin the
image. Applying the algorithmto horizontaledgesis sim-
ilar, andwill allow usto study GaussiarpsF’s thatarenot
circularsymmetricakwith oy # ay).
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(a) Originalimage. (b) Imageblurredwith o = 3.
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(c) Lipschitz representatlonf theblurredimage. (d) Lipschitz histogramof the blurredimage.
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Figure 9. Example of a blur estimation experiment on atest image.



