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Abstract

In this paper we proposea partially-blurred-image clas-
si cation and analysisframavork for automaticallydetect-
ing imagescontainingblurred regionsand recanizingthe
blur typesfor thoseregionswithoutneedingo performblur
kernelestimatiorandimage deblurring We developseveral
blur featues modeledby image color, gradient,and spec-
truminformation,and usefeatuie parametertrainingto ro-
bustly classifyblurred images. Our blur detectionis based
on image patces,makingregion-wisetraining and classi-

cation in oneimage efcient. Extensivexperimentshow
that our methodworkssatisfactorilyon challengingimage
data, which establishes technical foundationfor solving
several computervision problems,sud as motionanalysis
andimage restortion, usingtheblur information.

1. Intr oduction

In this paper we focuson detectingandanalyzingpar
tially blurredimagesand proposea novel methodto au-
tomatically detectblurredimages,extract possibleblurred
regions, andfurther classifytheminto two cateyories,i.e.,
nearisotropicblur anddirectionalmotionblur.

Our methodattemptdo tackletwo majorproblems.One
is blur detectionwith simultaneougxtractionof blurredre-
gions. The resultin this step provides useful high-level
regional information, facilitating a variety of region-based
imageapplications suchas content-baseémageretrieval,
object-basedmage compressionyideo object extraction,
imageenhancementandimage segmentation. It canalso
sene asoneof the criteriaof measuringhe quality of cap-
turedimages.

The secondobjective of our methodis to automatically
classify the detectedblur regions into two types: near
isotropicblur (including out-of-focusblur) anddirectional
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Figurel. Twoimageexampleswith (a) motionblurredregionsand
(b) out-of-focusblurredregions.

motion blur. We classifyimageblur into thesetwo classes
becauseghey aremostcommonlystudiedin imagerestora-
tion. Theblur classi edimagesalsoeasily nd applications
in motionanalysisandimagerestoration.Two partial-blur
imageexamplesareillustratedin Figurel.

Althoughthetopicsof imageblur analysishave attracted
muchattentionin recentyears mostpreviouswork focuses
on solvingthe deblurringproblem. Generablur detection,
onthecontrary is seldomexploredandis still farfrom prac-
tical. Rugnaetal. [5] introducedalearningmethodto clas-
sify blurry or non-blurryregionsin oneinputimage. This
methodis basedon an obsenation that blurry regionsare
moreinvariantto low passltering. In our experimentswe

nd thatonly usingthisinformationis notsufcient for de-
signingareliableclassi er. Differentblur measureshould
becombinedn orderto achiese high-qualityblur detection.
This methodalsodoesnot distinguishblur types.

Utilizing the statisticsof gradientinformationalongdif-
ferentdirectionsthe methodin [18] builds anenepgy func-
tion basedon the inferred blur kernelin orderto sggment
imageinto blur/nonblurlayers.This methodonly discosers
motionblurredregionsby inferring directionalblur kernels.
Other blur estimationmethods,suchas the one proposed
in [7], only provide a measuref blur extent,which cannot
be directly usedto discriminateblurry against non-blurry
regions.

In this paper we presenta new blur detectionandanal-
ysis methodfor automaticallyextractingblurry regionsby
combining speci cally designedblur featuresrepresented



by spectral,gradient,and color information, respectiely.
Thenwe usethedirectioninformationof local autocorrela-
tion function, which evaluateshow well a local window in
ablur region matchesa spatially-shiftedsersionof itself, to
furtherdiscriminatethe type of blur. In our blur classi ca-
tion, no blind decowolution, which may involve comple
kernelestimationjs performed.

Our featuresare extractedin local regions using the
colorstructureinformationrelative to that collectedglob-
ally in eachimage. This procesds basedn a key thought:
if we directly usethe imagecolor informationfor eachlo-
calregion, it is hardto de ne athresholdfor classi cation
dueto the variation of naturalimagestructures.We, thus,
take accountof the relative information betweenthe patch
and the image, which makes our featureanalysisreliable
in regard to the color-structurediversity in naturalimages.
Extensve experimentsshowv that our methodworks satis-
factorily with challengingmagedata.

2. RelatedWork and Overview of Our System

We rst review relatedwork of blur detection,image
deblurring, and low Depth of Field (DoF) image auto-
segmentationandthengive anoverviewn of our system.

2.1.Previous Work in Blur Analysis

For blur detectionand estimation,previous approaches
aim at measuringlur extent of edgesandarebasedon the
analysisof edgesharpnesf20]. Chuangetal. [4] extended
thisideaby rst tting gradientmagnitudealongedgedi-
rectionto a normaldistribution. Thenthe standarddevia-
tion of this distribution, togetherwith gradientmagnitude,
are regardedas the blur measure. Elder and Zucker [7]
modeledfocal blur by a Gaussiarblur kernel and calcu-
latedthe responsausingthe rst andsecondorderderiva-
tive steerableGaussianbasis lters [11]. Therefore,fo-
cal blur is estimatedby the thicknessof object contours.
ZhangandBergholm[26] de ned GaussiaDifferenceSig-
nature,which functionssimilarly to the rst-order deriva-
tive of Gaussianin orderto measurg¢hediffusenesgaused
by out-of-focusobjects.Notethatall thesemethodsassume
thatthe PointSpread-unction(PSF)is modeledby a Gaus-
sianblur Iter. They cannotbe appliedto detectingubiqui-
tousnon-Gaussiablur.

Blind imagedecorvolution [8, 14] aimsto estimatethe
blur lter andlatentunblurredimages.lt is a severelyill-
posedproblem.Althoughrecentlymary method$ave been
proposedin image deblurring, most of them only tackle
spatially-irvariantblur, i.e., all pixelsin theinputimageare
blurred by the samePSE Somemethodg[1, 18, 22] were
proposedto tackle the partial blur problemwith the help
of userinteractionor blur kernelassumptionFor all these
methodsijf the PSFcanbecorrectlyreconstructedhetype

of blur is alsoknown usingthe structureof PSE However,
in practice,blind decowolution usually performsunsatis-
factorily even by makingrestrictve assumption®n image
andkernelstructureslt doesnot handlewell our partially-
blurredimages Besidesavisually plausibledecowolution
resultdoesnot imply that the PSFis correctly estimated.
Thesefactorsmale blind decowolution not a goodchoice
for generalblur detectionin termsof ef ciency andaccu-
ragy, especiallyfor handlingimagesn alargedatabase.

Another type of blur analysisis Low Depth of Field
(DoF) imageauto-sgmentation. Low DoF is a photogra-
phy techniquewhich abstractshe photographes intention
by giving a clearfocusonly on anObjectof Interest(OOI).
Previousmethoddor automaticOOI extraction[15, 17, 24]
are not suitablefor our blur detectionbecausehey only
work on low DoF input imagescontaining out-of-focus
backgroundIn [6], Low DoFimagesaredetectedy calcu-
lating a low DoF indicator, de ned by the ratio of wavelet
coefcients in high-frequeng of the centralregionsof the
whole image. This methodsimply assumeshat low DoF
imagesontainfocusedbjectnearthecenterandsurround-
ing pixels areout of focus. This methodalsodoesnot suit
our general-purposblur detection.

2.2.SystemOverview

Dueto thediversity of naturalimages,n this paper we
proposealearningframavork with atrainingprocesgo de-
tectpartially blurredimages.Theseémagesarefurtherclas-
si ed into two blur types.

In our systemblur detectionandblur typeclassi cation
are achieved in two steps. First, detectionof blurredim-
agesis performed. In this step,we proposeto usea com-
bination of threefeatures,namely Local Power Spectrum
Slope GradientHistogram Span andMaximumSatuation,
to modeltheblur characteristicén differentways. Second,
directional motion blurred regions are distinguishedfrom
out-of-focusblurredregions by usinganotherfeature,i.e.,
Local Autocorrelation Congruency

Note that automaticblur detectionwithout really esti-
matingthe blur kernelsis not straightforvard. In our sys-
tem, besidesntroducingspectralandvisual clues,we also
includeanalysisof the characteristic®f the two blursand
designcorrespondindeatures.

3. Blur Features

There are four different featuresdeveloped and com-
binedin our system. Thesefeaturesare derived by ana-
lyzing thevisualandspectrakluesfrom images.

2 Local Power SpectrumSlope Due to the low-pass-
Itering characteristiof a blurredregion, somehigh
frequengy componentarelost. Sotheamplitudespec-



trum slopeof a blurredregion tendsto be steepethan
thatof anunblurredregion.

2 GradientHistogramSpan Thedistribution of gradient
magnitudesenes as an importantvisual clue in blur
detection.Blurred regionsrarely containsharpedges,
which resultsin small gradientmagnitude. Accord-
ingly, the distributions of the log gradientmagnitude
for blurredregions shouldhave shortertails thanthat
for otherregions.

2 MaximumSatugation. Unblurredregionsarelikely to
have more vivid colorsthanblur regions. The max-
imum value of saturationin blurred regions is cor-
respondinglyexpectedto be smallerthanthatin un-
blurredregions.

2 |ocal Autocorrelation Congruency If a region is
blurred by relative motion betweenan objectandthe
backgroundn a certaindirection,all edgesof the ob-
jectwill beblurred,exceptthosesharingthe samedi-
rectionwith the motion. This is regardedas another
importantvisualcluein our blur analysis.

In orderto handlepartial blur, our approachadoptsa
region-basedeatureextraction. Speci cally, we partition
theinputimageinto blocksandanalyzefeaturesn eachof
them. We shaw in the following subsectionshatthis local
representatioprovidesreliableblur measures.

In our blur description, at regions,i.e., the blockscon-
taining absolutelyno edgestructuresareambiguoussince
they canbe interpretedas either blur or non-blur So, in
our system theseambiguousegionsare automaticallyre-
moved beforehand.This makesour blur detectionreliable
for mary naturalimagescontaining for example,cloudless
sky or texturelesswalls.

3.1.Local Power Spectrum Slope

We rst computethe power spectrunof animagel with
sizeN £ N by takingthesquarednagnitudeafter Discrete
Fouriertransform(DFT)

S(u;v) = %jl (u; v)j%; )

wherel (u; v) denoteghe Fourier transformedmage. We
thenrepresenthe two-dimensionafrequeng in polar co-
ordinatesj.e.,u = f cospandv = f siny, andconstruct
S(f; 4. Accordingto [3, 9], by summingthe power spectra
S over all directionsy, S(f ), usingpolar coordinatescan
beapproximatedy

X
S(fy= S(f;w' A1 ® @)

whereA is anamplitudescalingfactorfor eachorientation
and®isthefrequeng exponentcalledslopeof powerspec-
trum.

A numberof studies[3, 9, 23] have demonstratedhat,
usingimage-wisecomputation the powver spectraof most
naturalimagesmale ® ¥ 2. A blurredimageusuallyhasa
large ®[2, 10] while anunblurredimage,contrarily, corre-
spondgo asmall®. However, anaturalimagemay contain
objectswith differentboundarysharpnessOurexperiments
shaw thatit is notreliableto simply seta thresholdto ® for
blur estimationsincethe value of ® variesin differentim-
agesin aprettywide range.

In [12], ® discriminationexperimentsshaved that hu-
manhassufcient ability to discriminatechangesn ® even
usingvery smallimagepatchesThis indicateshattheblur
is notdeterminedy the absolutevalueof ® overthewhole
image,but therelative local-to-global® differences.

Basedon the above obsenation, we introducethe local
andrelative blur estimationusingthe slopeof power spec-
trum ® We rst compute®,, the global measureof the
slope of power spectrumfor the whole image. Thenwe
compare®, computedn eachlocal block p with ®;. If &,
is muchlargerthan®, it is quite possiblethatthis block is
blurred.Our metricq, accordinglyis givenby

a= L ©

We shaw in Fig. 2 thecomputedocal ®, with patchsize
17£ 17. Pixelswith warmercolorindicatehigherblur possi-
bility. The® valuedistribution coincideswith humanvisual
perception.

(b) © (d)

Figure 2. Local ®, illustration. ®, is calculatedin patcheswith
sizel7 £ 17 in theseexamples.(a) and(c) shav two naturalim-
ages.(b) and(d) illustratethe correspondindocal ® mapswhere
warmercolor pixels correspondo pixelswith larger®, values.

3.2.Gradient Histogram Span

Recentresearchin natural image modeling [21] has
shavn thatthe gradientmagnitudef naturalimagesusu-
ally follow a heavy-tailed distribution, which meansnatu-
ral imagesarewith primarily smallor zerogradientmagni-
tudes. However, in a blurredimage,sinceblurredregions
usuallydo not containtoo mary sharpedgesthe gradient
magnitudedistribution shouldhave muchof its masswith
smallor zerovalues.



Forthetwo inputimagesn Fig. 3(a) and(b), thegradient
magnitudedistributions for two blurred patchesshown in
Fig. 3(c) and(d) exhibit no apparentail while thosefor two
unblurredregionscontainheavy tails asshowvn in Fig. 3(e)
and(f). We chooseto t thelocal gradientmagnitudedis-
tribution by a mixture of two-componenGaussiarmodel
usingExpectation-Maximization:

YaG(X; Uo; ¥a) + YaG(X;u1; %) (4)

with meanug = u; = 0 andvariance¥; > %. Thecom-
ponentof the tted Gaussiamixturemodelsareillustrated
asredcurvesin Fig.3. The Gaussiatomponentvith larger
variance¥, is mainly responsibldor causingthe heavy tail
in theoriginal distribution.

However, thevalueof 34 aloneis not suitableto beused
directly for blur detection.Differentimagescontainingun-
blurredobjectsmayalsohave differentlevelsof edgesharp-
nessmaking¥, variant. Sowe alsoadoptrelatve measure-
mentandcombine¥; with thestructurecontrasinsideeach
patch.Speci cally, we give largeblur con denceto patches
with signi cant structurecontrastut relatively smallgradi-
ent magnitude which are mostlikely to be blurred. The
local contrasts calculatedoy

C= Lmax i I—min : (5)
Lmax + I-min
whereL max andL min  denotethe maximumandminimum
intensityvaluesof all pixelsin aregion. We settheregion
sizeas10£ 10in ourexperimentssmallerthanthe sizeof
apatch.Our metricqp for patchp is de ned as
¢Ya

C,+ 2 (6)
whereC,, is calculatedas the maximumlocal contrastC
over all structuralregionsinsidepatchp, 2 is a smallvalue
to prevent dividing by zero. Using our de nition, g, will
have small responsavhen a patchhaslarge C, but small
Y% . Parameter, is setto 25in experimentso balancethe
scalesof % andC,.

q2:

3.3.Maximum Saturation

We alsotake the colorinformationinto blur detection.It
is obseredthatblurredpixelstendto have lessvivid colors
thanunblurredpixelsbecausef thesmoothingeffectof the
blurring processSowe rst computepixel saturatiorby

Sp=1j [min(R; G;B)]: (")

3
(R+G+B)
Then, within eachpatchp, we computesaturationS, for
eachpixel and nd themaximumvaluemax(Sp). It will be
comparedvith max(S,), the maximumsaturatiorvalue of
thewholeimage.Our metricgs is de ned as
max(Sp) i max(So) .

® = - 8

max(S,)

2
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(e) (®
Figure 3. The distributions of gradientmagnitudesand their ap-

proximationsby mixture of Gaussiansn patches. (a) One fo-

cal blurred image with two patchescontainingblurred and un-

blurred pixels respectiely. (b) One motion blurredimage with

two patcheselectedsimilarly. (c) and(e) showv therespectie dis-

tributions of gradientmagnitudesof the two patchesn (a). The

original distributionsareshavn in bluewhereaghetwo Gaussian
componentsareillustratedusingred curves. (d) and(f) shav the

respectie distributionsof gradientmagnitude®f the two regions
in (b).

3.4.Local Autocorrelation Congruency

The local autocorrelatiorfunction [25] is a measureof
how well a signalmatchesa time-shiftedversionof itself.
As for animage,it canbeinterpretedasa measureof how
well alocalwindow in ablurredregion matchesa spatially-
shiftedversionof itself. In our method,we usethe direc-
tional information of local autocorrelatiorfunction to fur-
therdiscriminatethetypeof blursinsidethosedetectedlur
regions.

Theimagepower spectrumis relatedto the autocorrela-
tion functionthroughthe WienerKhinchin theoremwhich
stateghattheauto-correlatiofiunctionandthe power spec-
trum form a Fourier transformpair [25]. So besidesthe
analysisof local power spectrumslopein de ning feature
a1, we furtheranalyzethelocal autocorrelatiortharacteris-
tics of blurredregions.

Thelocalautocorrelatioriunctionata point(x; y) under



ashift (¢ x; ¢ y) in imagespacecanbe calculatedoy
f(xy)= Iy i T+ Ex;yic+ e y))?;

(XkyKk)2W

whereW is alocal window centeredat point (x; y). Using
rst-order Taylorexpansiorto approximate (X, + ¢ x; yx +
¢y), f (X;y) canberepresentedsinga local autocorrela-
tion matrix M :

Y e Ve
. X
f(xy) [ (X5 YD) Ty (Xi s Yl ¢y
(Xk3yKk)2W .
_ . ¢x
= [¢x;¢y]M ¢y where
M_x ' 12 (X5 Vi) L (Xis Vi ly (XkG Yi)
- Fx (Xics Vi) Ty (Xk 5 Yk) 12 (Xk; Vi) :
(Xk3yKk)2W ' y ' y ’

Whentaking a closelook at the blurring processpne can
notice that the color of one pixel is spreadto its neigh-
borhoodafterblurring, increasingts color similarity to its
neighboringpixels. Besidesthe color spreadingstrat@y of
eachpixelis de ned by thePSF Sothelocalautocorrelation
function in blurredimages,which dependson (¢ x; ¢ y),
shouldalso be strongly relatedto the shapeand value of
PSE

In fact,theHarriscornerdescriptof 13] is closelyrelated
to local autocorrelatioriunction by addinga window func-
tion whencalculatingmatrix M . If thewindow functionis
binaryandrectangularthetwo representationareactually
identical. So we adoptthe idea of Harris cornerdetector
andcalculatematrix M with a Gaussiarwindow function
to suppressioise.

03} & —e—focal blur
—e— motion blur

(©

Figure 4. The histogramsof weightedeigervector directionsfor
two samplepatches. (a) A focal blurred patch. (b) A motion
blurredpatch. (c) Histogramsof weightedeigervectordirections
of (a) and(b). The blue histogramis for the focal blurred patch
andthered histogramis for the motionblurredpatch.Directional
motionblur producedlistinctive peakvalue.

We computethe eigervalues, 1(Xx;y) and, »(x;y) of
M for eachpixel (x;y) inside an image patchp, where

. 1(Xy) > |, 2(X; y), anddenotetheir correspondingigen-
vectorsas Vi(x; y) and Va(X;y). The valuesof the two
eigervaluesare proportionalto the principal curvaturesof
the local autocorrelatiorfunction and form a rotationally
invariantdescriptionof Matrix M . Two classesanbe pro-
ducedby our blur typeanalysis:

1. If imagepatchp is mostlydirectional-motiorblurred,
the edgeswith gradientperpendiculato the blur direction
will not be smoothedJeaving stronggradientonly along
onedirection.

2. If theimagepatchis approximatelyfocal blurred,the
gradientmagnitudeslongall directionsareattenuated.

To bemorespeci c, theeigervectorV,(x; y), whichcor
respondgo the smallereigemvalue, »(Xx; y), representshe
major axis direction of the ellipse-shapeaontourof a lo-
cal autocorrelatiorfunction at point (x; y). We thuscon-
structa directionalresponsdistogramhist () for patchp,
whereeachbin represent®nedirectiont andthe value of
eachbin is the numberof pixelswith eigervectorV, along
Birectionp in patchp, weightedby their ellipse axis ratio

, 1=, 2. Oneillustrationis shavn in Figure4. In orderto
usetheinformationof the histogramwe alsonormalizethe
bin valuesby dividing the total pixel numberin one patch.
Thenour Local AutocorrelationCongrueng measurds to
checkwhetherthe histogramin this region hasadistinctive
peak. In our method,we computethe varianceof the nor-
malizedbin valuesasour featureof Local Autocorrelation
Congrueny, i.e.

s = Varf hist (W g: 9)

4. Classi cation

Using the de ned blur features,our systemconsistsof
two steps.In the rst step,wetrainablur/nonblurclassi er
to discriminatedifferentregions. This classi er is basedon
featuresproposedn Sections3.1, 3.2, and3.3. Then,in
the secondstep, the detectedblurry regions are measured
by Local AutocorrelationCongrueng in orderto recognize
theblur types.

Given the list of featuresfor discriminatingunblurred
andblurredregions,we applythe Bayesclassi er:

P(Blurja; ;)

P (Sharpja; t; o)
- P giBlun)P Blur) 4,

P (% %; s j Sharp) P (Sharp)’
whereP (Sharpja; a; as), by the Bayes'rule, denotes
the probability of labelinga region as“nonblur” giventhe
de ned features. Assumingthe independencef different
featuresyve simplify (10) to

. P(qujBlur)::P (ggjBlur) . (1)
" P (oujSharp)::P (gzjSharp)’

Theneachconditionalprobabilityaboveis trainedusingthe
trainingimageset.




In the secondstep, we further classify blurred re-
gionsinto “motion blur” and “focal blur”, usingour fea-
ture de ned in Section 3.4  Conditional probabilities
P (a4 jf ocalblur) and P (g4 j motion blur) are trained,
and the blur type classi cation is achiezed by computing
“p= P (04 f ocalblur) =P (g4 j motion blur).

5. Experiments and Results

We describeour experimentsin this section.In the rst
part,we constructtraining andtestingdatasetsvith manu-
ally labeledpatchesandusethemto testthe accurag of
our patchclassi cationalgorithm. We alsoapply our algo-
rithm to ranking the con dence of blur for animage. In
thesecondart,we experimentwith partially blurredimage
segmentation.

5.1.Blur Patch Detection

We collecttotally 100 partially blurredimagesand100
unblurredimagesfrom photo sharing websites,such as
Flickr.comandPBase.conto form our datasetin eachcat-
egory, half of theimagesareusedfor trainingandthe other
half arefor testing.All theimagesaremanuallysegmented
into squarepatches. The size of eachpatchrangesfrom
50£ 50to 500£ 500 pixels, which occupiess% » 20%
of the sizeof the originalimages.Examplesof imagesand
patchesn our datasetsare shavn in Fig. 6. Thenwe la-
bel eachpatchasoneof thefollowing threetypes:“sharp”,
“motion blur”, or “focal blur”. In total, we generatec®®90
focal blur patches,217 motion blur patches,and 516 un-
blurred patchesfrom training setand 223, 139, and 271
patchesrespectely, from testingset.

We evaluatethe performanceof our classi er usingthe
Precision-Recalturve. Let N bethe numberof patchedo
beclassi ed,f; bethelabelfor patchi, anda; betheground
truth labelfor patchi, we de ne themeasurementass

ifi;fi = a&a = truegj,

Recall = —— -
jfi;fi = turegj
Precision = jfi;fi = a&a = truegj.
ffi;a = truegj '
Accuracy = it = ag) I;fiN: a9

In the rst step of our algorithm, patcheslabeled
as “blur” are consideredas tr ue instancesin evaluating
blur/nonblurclassi er whereasin the secondstep,patches
labeledas “motion” are consideredastr ue in evaluating
motion/focalblur classi er.

For evaluatingindividual featuresin blur detection,we
plot precision-recallcurves to shav the discriminatory
pover. Similar to the de nition of "5, we set”; =
P (g jBlur)=P (g jSharp), wherei = f1;2;3g and
shov in Fig. 5(a) the precision-recallcurves for each
blur metric “; andthe combinedmetric " 5 in classifying

blur/nonblurregions. Our classi er ” 4, in general,is with
the bestperformanceand achieves over 95% precisionfor
low recall. Amongour blur metrics,the featureof gradient
magnitudespan’ ; shawvn in blueis the mostdiscriminatve
one.Thisis notsurprisingsinceblurredpatchesarelycon-
tain steepchangesf intensities. Table 1 shavs the max-
imum accurag rate, as well asthe overall accurag rate
calculatedby averagingover all recall levels. The maxi-
mum accurag rate 76.98%for blur/nonblurclassi cation
is achiasedwhen” ; = 0:4. Thisthresholds usedlaterfor
ourapplicationof blur regionrecognitiorandsegmentation.

1, 1
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Figure 5. Precision-Recallcurves of our classication. (a)
Blur/nonblurclassi cationresults.Thecurve correspondingo the
classi er using” 5 is shavn in red, whereaghe curvesfor classi-
ers using” 1, "2, and” 3, areshown in green,blue, and purple,
respectiely. (b) Precision-Recalturve for motion/focalblur clas-
si cation.

Classi cation Overall Maximum
Tasks Accuray Rate | Accuray Rate

Blur / Nonblur 63.78% 76.98%

Motion / Focalblur 65.45% 78.84%

Tablel. Accuragy Rateonthetestingdataset.

In the secondstep,we testmotion/focalblur classi ca-
tion using . Fig. 5(b) shaws the precision-recalkcurve.
As listedin Table 1, the maximumaccurag rateis 78.84%
when”p = 1:3. This thresholdis alsousedlater for blur
segmentation.

Becausef the similarity of the blurredandlow-contrast
regions in natural images, our classi cation results in-
evitably containerrors. We examinedincorrectlyclassi ed
patcheandfoundthatthelatentambiguoudextureor struc-
ture in patchess the main causeof errors. For example,
Fig. 7(a) and(b) shav patchesvrongly classi edasblurred
regionsdueto theshadav or low contrasipixels. Thepatch
in Fig. 7(c) is mistalenly classi ed asmotionblur because
of the strongdirectionalstructures.

The patch-basedlur detectionand classi cation can
sene asa foundationfor rankingthe degreeof imageblur.
In experimentswe collectasetof o wer picturessearched
from Google and Flickr. Eachimageis seggmentedinto
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Figure6. Selectedexamplesof images( rstrow) andmanuallylabeledpatches(seconaw) from our datasets.

@) (b) (©

Figure7. Examplesof wrongly classi ed patches.

patcheswith size 20 £ 20. We rank eachimage by a
blur con dencevaluede ned proportionaltto the numberof
blurredregionsin eachimage.Fig. 9 shavs theblur recog-
nition resultsby our methodwherethe blur con dence of
eachimageincrease$rom left to right, coincidentwith hu-
manvisualperception.

5.2.Blur RegionSegmentation

Our methodcanalsobe usedin partially blurredimage
segmentation.Becausehe blur classi cationis performed
on patcheswe detectthe blur informationof one pixel by
usinga local patchcenteredat it. The spatialsimilarity of
blur typesfor neighboringpixelsis alsoconsideredy in-
troducinga smoothnesgermsimilarto thatde nedin [19)].
Combiningthe blur detectionand the pairwise blur type
similarity, we constructa Markov RandomField for each
image. The correspondindgsibbs enegy is minimized by
applyingthe GraphCutsmethod[16].

We shav two blur segmentationexamplesin Fig. 8,
where (a) and (b) give a comparisonof the sggmenta-
tion resultsproducedby the methoddescribedn [18] and
our approach.With comparablesggmentationresults,our
methoddo not needto infer the blur kerneland malke the
directionalmotion assumption Our featuresare computed
within patcheof size50£ 50 centeredat eachpixel.

In (c) and (d) of Fig. 8, we shov that our methodis
able to partition an imageinto several sgmentswith re-
spectto different blur types. In this example, we ap-
ply our blur/nonblurclassi er to rst segmentout the un-
blurredregions(shavn in redin (d)) andthenextract mo-

(@) (b)

(©) (d)

Figure 8. Blur sggmentationresultsfor partially blurredimages.
(a) Blur sggmentatiorresultpresentedn [18]. (b) Our resulton
the sameexamplewithout needingto infer the blur kernels. (c)

shaws a challengingmageexamplecontainingunblurred motion
blurred, and focal blurred regions. (d) Our sggmentationresult
with unblurredregionsin red, motion blurred region in yellow,

andfocal blurredregionsin blue.

tion blurredregions (shawn in yellow in (d)). Differently
blurredregionsarefaithfully sggmentedindicatingthatour
automaticmethodcan sene as a reliable basisfor mary
region-basedmage applications,such as motion estima-
tion, content-basetinageretrieval, andobjectextraction.
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Figure9. Partial blur recognitionfor o werimages.Imagesareshaovn in anascendingrderin termof thesizeof blurry regions.

6. Conclusionand Futur e Work

In this paperwe have proposed partial-blurimagede-
tectionandanalysisframeavork for automaticallyclassify-
ing whetherone image containsblurred regions and what
typesof blur occurwithout needingto performingimage
deblurring. Several blur features,measuringmagecolor,
gradientandspectruminformation,areutilizedin aparam-
etertrainingprocessn orderto robustly classifyblurredim-
ages. Extensve experimentsshav that our methodworks
satishctorily with challengingimage dataand can be ap-
pliedto partial-blurimagedetectionandblur sggmentation.
Our method,in principal, provides a foundationfor solv-
ing mary blur-orientedand region-basedcomputervision
problems suchascontent-basednageretrieval, imageen-
hancementhigh-level imagesegmentation,andobjectex-
traction.
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