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Abstract

In thispaper, weproposea partially-blurred-imageclas-
si�cation andanalysisframework for automaticallydetect-
ing imagescontainingblurredregionsandrecognizingthe
blur typesfor thoseregionswithoutneedingto performblur
kernelestimationandimagedeblurring. Wedevelopseveral
blur featuresmodeledby image color, gradient,and spec-
truminformation,andusefeatureparametertraining to ro-
bustlyclassifyblurred images. Our blur detectionis based
on image patches,makingregion-wisetraining andclassi-
�cation in oneimage ef�cient. Extensiveexperimentsshow
that our methodworkssatisfactorilyon challengingimage
data, which establishesa technical foundationfor solving
several computervisionproblems,such asmotionanalysis
andimage restoration,usingtheblur information.

1. Intr oduction

In this paper, we focuson detectingandanalyzingpar-
tially blurred imagesand proposea novel methodto au-
tomaticallydetectblurredimages,extract possibleblurred
regions,andfurther classifytheminto two categories,i.e.,
near-isotropicblur anddirectionalmotionblur.

Ourmethodattemptsto tackletwo majorproblems.One
is blur detectionwith simultaneousextractionof blurredre-
gions. The result in this step provides useful high-level
regional information,facilitating a variety of region-based
imageapplications,suchascontent-basedimageretrieval,
object-basedimagecompression,video object extraction,
imageenhancement,and imagesegmentation. It canalso
serve asoneof thecriteriaof measuringthequality of cap-
turedimages.

The secondobjective of our methodis to automatically
classify the detectedblur regions into two types: near-
isotropicblur (including out-of-focusblur) anddirectional

¤ Thework describedin this paperwasfully supportedby a grantfrom
the ResearchGrantsCouncil of the Hong Kong SpecialAdministrative
Region,China(ProjectNo. 412307).
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Figure1.Two imageexampleswith (a)motionblurredregionsand
(b) out-of-focusblurredregions.

motionblur. We classifyimageblur into thesetwo classes
becausethey aremostcommonlystudiedin imagerestora-
tion. Theblur classi�edimagesalsoeasily�nd applications
in motionanalysisandimagerestoration.Two partial-blur-
imageexamplesareillustratedin Figure1.

Althoughthetopicsof imageblur analysishaveattracted
muchattentionin recentyears,mostpreviouswork focuses
on solvingthedeblurringproblem.Generalblur detection,
onthecontrary, is seldomexploredandis still farfrom prac-
tical. Rugnaetal. [5] introduceda learningmethodto clas-
sify blurry or non-blurryregionsin oneinput image. This
methodis basedon an observation that blurry regionsare
moreinvariantto low pass�ltering. In ourexperiments,we
�nd thatonly usingthis informationis notsuf�cient for de-
signinga reliableclassi�er. Differentblur measuresshould
becombinedin orderto achievehigh-qualityblur detection.
Thismethodalsodoesnotdistinguishblur types.

Utilizing thestatisticsof gradientinformationalongdif-
ferentdirections,themethodin [18] builds anenergy func-
tion basedon the inferredblur kernel in order to segment
imageinto blur/nonblurlayers.Thismethodonly discovers
motionblurredregionsby inferringdirectionalblur kernels.
Other blur estimationmethods,suchas the one proposed
in [7], only provide a measureof blur extent,which cannot
be directly usedto discriminateblurry against non-blurry
regions.

In this paper, we presenta new blur detectionandanal-
ysis methodfor automaticallyextractingblurry regionsby
combiningspeci�cally designedblur featuresrepresented



by spectral,gradient,and color information, respectively.
Thenwe usethedirectioninformationof local autocorrela-
tion function,which evaluateshow well a local window in
ablur regionmatchesaspatially-shiftedversionof itself, to
furtherdiscriminatethetypeof blur. In our blur classi�ca-
tion, no blind deconvolution, which may involve complex
kernelestimation,is performed.

Our featuresare extracted in local regions using the
color-structureinformation relative to that collectedglob-
ally in eachimage.This processis basedon a key thought:
if we directly usethe imagecolor informationfor eachlo-
cal region, it is hardto de�ne a thresholdfor classi�cation
dueto the variationof naturalimagestructures.We, thus,
take accountof the relative informationbetweenthe patch
and the image,which makes our featureanalysisreliable
in regard to thecolor-structurediversity in naturalimages.
Extensive experimentsshow that our methodworks satis-
factorilywith challengingimagedata.

2. RelatedWork and Overview of Our System

We �rst review relatedwork of blur detection,image
deblurring, and low Depth of Field (DoF) image auto-
segmentation,andthengive anoverview of oursystem.

2.1.PreviousWork in Blur Analysis

For blur detectionandestimation,previous approaches
aim at measuringblur extentof edgesandarebasedon the
analysisof edgesharpness[20]. Chuanget al. [4] extended
this ideaby �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 Gaussianblur kernel and calcu-
latedthe responseusingthe �rst andsecondorderderiva-
tive steerableGaussianbasis�lters [11]. Therefore,fo-
cal blur is estimatedby the thicknessof object contours.
ZhangandBergholm[26] de�nedGaussianDifferenceSig-
nature,which functionssimilarly to the �rst-order deriva-
tiveof Gaussian,in orderto measurethediffusenesscaused
by out-of-focusobjects.Notethatall thesemethodsassume
thatthePointSpreadFunction(PSF)is modeledby aGaus-
sianblur �lter . They cannotbeappliedto detectingubiqui-
tousnon-Gaussianblur.

Blind imagedeconvolution [8, 14] aimsto estimatethe
blur �lter andlatentunblurredimages.It is a severely ill-
posedproblem.Althoughrecentlymany methodshavebeen
proposedin image deblurring, most of them only tackle
spatially-invariantblur, i.e.,all pixelsin theinput imageare
blurredby the samePSF. Somemethods[1, 18, 22] were
proposedto tackle the partial blur problemwith the help
of userinteractionor blur kernelassumption.For all these
methods,if thePSFcanbecorrectlyreconstructed,thetype

of blur is alsoknown usingthestructureof PSF. However,
in practice,blind deconvolution usuallyperformsunsatis-
factorily evenby makingrestrictive assumptionson image
andkernelstructures.It doesnot handlewell our partially-
blurredimages.Besides,avisuallyplausibledeconvolution
result doesnot imply that the PSFis correctly estimated.
Thesefactorsmake blind deconvolution not a goodchoice
for generalblur detectionin termsof ef�ciency andaccu-
racy, especiallyfor handlingimagesin a largedatabase.

Another type of blur analysisis Low Depth of Field
(DoF) imageauto-segmentation.Low DoF is a photogra-
phy techniquewhich abstractsthephotographer's intention
by giving aclearfocusonly onanObjectof Interest(OOI).
Previousmethodsfor automaticOOI extraction[15, 17, 24]
are not suitablefor our blur detectionbecausethey only
work on low DoF input imagescontaining out-of-focus
background.In [6], Low DoFimagesaredetectedby calcu-
lating a low DoF indicator, de�ned by theratio of wavelet
coef�cients in high-frequency of the centralregionsof the
whole image. This methodsimply assumesthat low DoF
imagescontainfocusedobjectnearthecenterandsurround-
ing pixelsareout of focus. This methodalsodoesnot suit
ourgeneral-purposeblur detection.

2.2.SystemOverview

Dueto thediversityof naturalimages,in this paper, we
proposea learningframework with a trainingprocessto de-
tectpartiallyblurredimages.Theseimagesarefurtherclas-
si�ed into two blur types.

In our system,blur detectionandblur typeclassi�cation
areachieved in two steps. First, detectionof blurred im-
agesis performed.In this step,we proposeto usea com-
binationof threefeatures,namely, Local Power Spectrum
Slope, GradientHistogramSpan, andMaximumSaturation,
to modeltheblur characteristicsin differentways.Second,
directionalmotion blurred regions are distinguishedfrom
out-of-focusblurredregionsby usinganotherfeature,i.e.,
LocalAutocorrelationCongruency.

Note that automaticblur detectionwithout really esti-
matingthe blur kernelsis not straightforward. In our sys-
tem,besidesintroducingspectralandvisualclues,we also
includeanalysisof the characteristicsof the two blurs and
designcorrespondingfeatures.

3. Blur Features

There are four different featuresdevelopedand com-
bined in our system. Thesefeaturesare derived by ana-
lyzing thevisualandspectralcluesfrom images.

² Local Power SpectrumSlope. Due to the low-pass-
�ltering characteristicof a blurredregion, somehigh
frequency componentsarelost. Sotheamplitudespec-



trum slopeof a blurredregion tendsto besteeperthan
thatof anunblurredregion.

² GradientHistogramSpan. Thedistributionof gradient
magnitudeserves asan importantvisual clue in blur
detection.Blurredregionsrarelycontainsharpedges,
which resultsin small gradientmagnitude. Accord-
ingly, the distributionsof the log gradientmagnitude
for blurredregionsshouldhave shortertails thanthat
for otherregions.

² MaximumSaturation. Unblurredregionsarelikely to
have more vivid colors thanblur regions. The max-
imum value of saturationin blurred regions is cor-
respondinglyexpectedto be smallerthan that in un-
blurredregions.

² Local Autocorrelation Congruency. If a region is
blurredby relative motion betweenan objectandthe
backgroundin a certaindirection,all edgesof theob-
ject will beblurred,exceptthosesharingthesamedi-
rectionwith the motion. This is regardedasanother
importantvisualcluein ourblur analysis.

In order to handlepartial blur, our approachadoptsa
region-basedfeatureextraction. Speci�cally, we partition
theinput imageinto blocksandanalyzefeaturesin eachof
them. We show in thefollowing subsectionsthat this local
representationprovidesreliableblur measures.

In our blur description,�at regions,i.e., theblockscon-
tainingabsolutelyno edgestructures,areambiguoussince
they can be interpretedas either blur or non-blur. So, in
our system,theseambiguousregionsareautomaticallyre-
moved beforehand.This makesour blur detectionreliable
for many naturalimagescontaining,for example,cloudless
sky or texturelesswalls.

3.1.Local Power SpectrumSlope

We�rst computethepowerspectrumof animageI with
sizeN £ N by takingthesquaredmagnitudeafterDiscrete
Fouriertransform(DFT)

S(u; v) =
1

N 2 jI (u; v)j2; (1)

whereI (u; v) denotesthe Fourier transformedimage. We
thenrepresentthe two-dimensionalfrequency in polar co-
ordinates,i.e., u = f cosµ andv = f sinµ, andconstruct
S(f ; µ). Accordingto [3, 9], by summingthepowerspectra
S over all directionsµ, S(f ), usingpolar coordinates,can
beapproximatedby

S(f ) =
X

µ

S(f ; µ) ' A=f ¡ ®; (2)

whereA is anamplitudescalingfactorfor eachorientation
and®is thefrequency exponent,calledslopeofpowerspec-
trum.

A numberof studies[3, 9, 23] have demonstratedthat,
using image-wisecomputation,the power spectraof most
naturalimagesmake ® ¼ 2. A blurredimageusuallyhasa
large® [2, 10] while anunblurredimage,contrarily, corre-
spondsto asmall®. However, anaturalimagemaycontain
objectswith differentboundarysharpness.Ourexperiments
show thatit is not reliableto simply seta thresholdto ® for
blur estimationsincethe valueof ® variesin differentim-
agesin aprettywide range.

In [12], ® discriminationexperimentsshowed that hu-
manhassuf�cient ability to discriminatechangesin ® even
usingverysmallimagepatches.This indicatesthattheblur
is notdeterminedby theabsolutevalueof ® over thewhole
image,but therelative local-to-global® differences.

Basedon the above observation,we introducethe local
andrelative blur estimationusingtheslopeof power spec-
trum ®. We �rst compute®o, the global measureof the
slopeof power spectrumfor the whole image. Then we
compare®p computedin eachlocal block p with ®o. If ®p

is muchlargerthan®o, it is quitepossiblethatthis block is
blurred.Ourmetricq1, accordingly, is givenby

q1 =
®p ¡ ®o

®o
: (3)

Weshow in Fig. 2 thecomputedlocal®p with patchsize
17£ 17. Pixelswith warmercolorindicatehigherblurpossi-
bility. The®valuedistributioncoincideswith humanvisual
perception.

(a) (b) (c) (d)

Figure2. Local ®p illustration. ®p is calculatedin patcheswith
size17 £ 17 in theseexamples.(a) and(c) show two naturalim-
ages.(b) and(d) illustratethecorrespondinglocal®p mapswhere
warmercolorpixelscorrespondto pixelswith larger®p values.

3.2.Gradient Histogram Span

Recent researchin natural image modeling [21] has
shown that thegradientmagnitudesof naturalimagesusu-
ally follow a heavy-tailed distribution, which meansnatu-
ral imagesarewith primarily smallor zerogradientmagni-
tudes. However, in a blurredimage,sinceblurredregions
usuallydo not containtoo many sharpedges,the gradient
magnitudedistribution shouldhave muchof its masswith
smallor zerovalues.



For thetwo inputimagesin Fig.3(a)and(b), thegradient
magnitudedistributions for two blurred patchesshown in
Fig.3(c) and(d) exhibit noapparenttail while thosefor two
unblurredregionscontainheavy tails asshown in Fig. 3(e)
and(f). We chooseto �t the local gradientmagnitudedis-
tribution by a mixture of two-componentGaussianmodel
usingExpectation-Maximization:

¼0G(x; u0; ¾0) + ¼1G(x; u1; ¾1) (4)

with meanu0 = u1 = 0 andvariance¾1 > ¾0. Thecom-
ponentsof the�tted Gaussianmixturemodelsareillustrated
asredcurvesin Fig.3. TheGaussiancomponentwith larger
variance¾1 is mainly responsiblefor causingtheheavy tail
in theoriginaldistribution.

However, thevalueof ¾1 aloneis notsuitableto beused
directly for blur detection.Differentimagescontainingun-
blurredobjectsmayalsohavedifferentlevelsof edgesharp-
ness,making¾1 variant.Sowealsoadoptrelativemeasure-
mentandcombine¾1 with thestructurecontrastinsideeach
patch.Speci�cally, wegive largeblur con�denceto patches
with signi�cant structurecontrastbut relatively smallgradi-
ent magnitude,which are most likely to be blurred. The
local contrastis calculatedby

C =
L max ¡ L min

L max + L min
; (5)

whereL max andL min denotethemaximumandminimum
intensityvaluesof all pixels in a region. We settheregion
sizeas10£ 10 in our experiments,smallerthanthesizeof
apatch.Ourmetricq2 for patchp is de�ned as

q2 =
¿¾1

Cp + ²2 ; (6)

whereCp is calculatedas the maximumlocal contrastC
over all structuralregionsinsidepatchp, ² is a smallvalue
to prevent dividing by zero. Using our de�nition, q2 will
have small responsewhena patchhaslarge Cp but small
¾1. Parameter¿ is setto 25 in experimentsto balancethe
scalesof ¾1 andCp.

3.3.Maximum Saturation

Wealsotake thecolor informationinto blur detection.It
is observedthatblurredpixelstendto have lessvivid colors
thanunblurredpixelsbecauseof thesmoothingeffectof the
blurringprocess.Sowe �rst computepixel saturationby

Sp = 1 ¡
3

(R + G + B )
[min(R; G; B )] : (7)

Then,within eachpatchp, we computesaturationSp for
eachpixel and�nd themaximumvaluemax(Sp). It will be
comparedwith max(So), themaximumsaturationvalueof
thewholeimage.Ourmetricq3 is de�ned as

q3 =
max(Sp) ¡ max(So)

max(So)
: (8)

(a) (b)
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Figure3. The distributionsof gradientmagnitudesand their ap-
proximationsby mixture of Gaussiansin patches. (a) One fo-
cal blurred imagewith two patchescontainingblurred and un-
blurred pixels respectively. (b) One motion blurred imagewith
two patchesselectedsimilarly. (c) and(e)show therespectivedis-
tributionsof gradientmagnitudesof the two patchesin (a). The
original distributionsareshown in bluewhereasthetwo Gaussian
componentsareillustratedusingredcurves. (d) and(f) show the
respective distributionsof gradientmagnitudesof thetwo regions
in (b).

3.4.Local Autocorrelation Congruency

The local autocorrelationfunction [25] is a measureof
how well a signalmatchesa time-shiftedversionof itself.
As for an image,it canbe interpretedasa measureof how
well a localwindow in ablurredregionmatchesaspatially-
shiftedversionof itself. In our method,we usethe direc-
tional informationof local autocorrelationfunction to fur-
therdiscriminatethetypeof blursinsidethosedetectedblur
regions.

Theimagepower spectrumis relatedto theautocorrela-
tion functionthroughtheWiener-Khinchin theorem,which
statesthattheauto-correlationfunctionandthepowerspec-
trum form a Fourier transformpair [25]. So besidesthe
analysisof local power spectrumslopein de�ning feature
q1, we furtheranalyzethelocalautocorrelationcharacteris-
ticsof blurredregions.

Thelocalautocorrelationfunctionatapoint (x; y) under



ashift (¢ x; ¢ y) in imagespacecanbecalculatedby

f (x; y) =
X

( x k ;y k ) 2 W

[I (xk ; yk ) ¡ I (xk + ¢ x; yk + ¢ y)]2 ;

whereW is a local window centeredat point (x; y). Using
�rst-order TaylorexpansiontoapproximateI (xk + ¢ x; yk +
¢ y), f (x; y) canbe representedusinga local autocorrela-
tion matrixM :

f (x; y) '
X

( x k ;y k ) 2 W

½
[I x (xk ; yk ); I y (xk ; yk )]

·
¢ x
¢ y

¸¾ 2

= [¢ x; ¢ y] M
·

¢ x
¢ y

¸
; where

M =
X

( x k ;y k ) 2 W

·
I 2

x (xk ; yk ) I x (xk ; yk )I y (xk ; yk )
I x (xk ; yk )I y (xk ; yk ) I 2

y (xk ; yk )

¸
:

Whentaking a closelook at the blurring process,onecan
notice that the color of one pixel is spreadto its neigh-
borhoodafterblurring, increasingits color similarity to its
neighboringpixels.Besides,thecolorspreadingstrategy of
eachpixel is de�nedby thePSF. Sothelocalautocorrelation
function in blurred images,which dependson (¢ x; ¢ y),
shouldalso be strongly relatedto the shapeand value of
PSF.

In fact,theHarriscornerdescriptor[13] is closelyrelated
to local autocorrelationfunctionby addinga window func-
tion whencalculatingmatrix M . If thewindow functionis
binaryandrectangular, thetwo representationsareactually
identical. So we adoptthe idea of Harris cornerdetector
andcalculatematrix M with a Gaussianwindow function
to suppressnoise.
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Figure4. The histogramsof weightedeigenvectordirectionsfor
two samplepatches. (a) A focal blurred patch. (b) A motion
blurredpatch. (c) Histogramsof weightedeigenvectordirections
of (a) and(b). The blue histogramis for the focal blurredpatch
andtheredhistogramis for themotionblurredpatch.Directional
motionblur producesdistinctivepeakvalue.

We computethe eigenvalues¸ 1(x; y) and ¸ 2(x; y) of
M for eachpixel (x; y) inside an imagepatchp, where

¸ 1(x; y) > ¸ 2(x; y), anddenotetheir correspondingeigen-
vectorsas V1(x; y) and V2(x; y). The valuesof the two
eigenvaluesareproportionalto the principal curvaturesof
the local autocorrelationfunction and form a rotationally
invariantdescriptionof Matrix M . Two classescanbepro-
ducedby ourblur typeanalysis:

1. If imagepatchp is mostlydirectional-motionblurred,
the edgeswith gradientperpendicularto the blur direction
will not be smoothed,leaving stronggradientonly along
onedirection.

2. If theimagepatchis approximatelyfocal blurred,the
gradientmagnitudesalongall directionsareattenuated.

To bemorespeci�c, theeigenvectorV2(x; y), whichcor-
respondsto thesmallereigenvalue¸ 2(x; y), representsthe
major axis directionof the ellipse-shapedcontourof a lo-
cal autocorrelationfunction at point (x; y). We thuscon-
structa directionalresponsehistogramhist (µ) for patchp,
whereeachbin representsonedirectionµ andthevalueof
eachbin is thenumberof pixelswith eigenvectorV2 along
directionµ in patchp, weightedby their ellipseaxis ratiop

¸ 1=¸ 2. Oneillustrationis shown in Figure4. In orderto
usetheinformationof thehistogram,wealsonormalizethe
bin valuesby dividing the total pixel numberin onepatch.
Thenour Local AutocorrelationCongruency measureis to
checkwhetherthehistogramin this regionhasa distinctive
peak. In our method,we computethevarianceof thenor-
malizedbin valuesasour featureof Local Autocorrelation
Congruency, i.e.

q4 = Varf hist (µ)g: (9)

4. Classi�cation

Using the de�ned blur features,our systemconsistsof
two steps.In the�rst step,we trainablur/nonblurclassi�er
to discriminatedifferentregions.This classi�er is basedon
featuresproposedin Sections3.1, 3.2, and 3.3. Then, in
the secondstep,the detectedblurry regionsaremeasured
by LocalAutocorrelationCongruency in orderto recognize
theblur types.

Given the list of featuresfor discriminatingunblurred
andblurredregions,weapplytheBayesclassi�er:

´ a =
P (B lur j q1 ; q2 ; q3)

P (Shar p j q1 ; q2 ; q3)

=
P (q1 ; q2 ; q3 j B lur ) P (B lur )

P (q1 ; q2 ; q3 j Shar p) P (Shar p)
; (10)

whereP (Sharp j q1; q2; q3), by the Bayes' rule, denotes
the probability of labelinga region as“nonblur” given the
de�ned features.Assumingthe independenceof different
features,wesimplify (10) to

´ a =
P (q1 j B lur ) :::P (q3 j B lur )

P (q1 j Shar p) :::P (q3 j Shar p)
: (11)

Theneachconditionalprobabilityaboveis trainedusingthe
trainingimageset.



In the second step, we further classify blurred re-
gions into “motion blur” and “focal blur”, using our fea-
ture de�ned in Section 3.4. Conditional probabilities
P (q4 j f ocalblur ) and P (q4 j motion blur ) are trained,
and the blur type classi�cation is achieved by computing
´ b = P (q4 j f ocalblur ) =P (q4 j motion blur ).

5. Experimentsand Results

We describeour experimentsin this section.In the �rst
part,we constructtrainingandtestingdatasetswith manu-
ally labeledpatches,andusethemto test the accuracy of
our patchclassi�cationalgorithm.We alsoapplyour algo-
rithm to ranking the con�denceof blur for an image. In
thesecondpart,weexperimentwith partiallyblurredimage
segmentation.

5.1.Blur Patch Detection

We collect totally 100 partially blurredimagesand100
unblurred imagesfrom photo sharing websites,such as
Flickr.comandPBase.com,to form ourdataset.In eachcat-
egory, half of theimagesareusedfor trainingandtheother
half arefor testing.All theimagesaremanuallysegmented
into squarepatches. The size of eachpatchrangesfrom
50 £ 50 to 500£ 500 pixels, which occupies5% » 20%
of thesizeof theoriginal images.Examplesof imagesand
patchesin our datasetsareshown in Fig. 6. Thenwe la-
bel eachpatchasoneof thefollowing threetypes:“sharp”,
“motion blur”, or “focal blur”. In total, we generated290
focal blur patches,217 motion blur patches,and 516 un-
blurred patchesfrom training set and 223, 139, and 271
patches,respectively, from testingset.

We evaluatethe performanceof our classi�er usingthe
Precision-Recallcurve. Let N bethenumberof patchesto
beclassi�ed,f i bethelabelfor patchi , andai betheground
truth labelfor patchi , wede�ne themeasurementsas

Recall =
jf i ; f i = ai &ai = tr uegj

jf i ; f i = tur egj
;

P r ecision =
jf i ; f i = ai &ai = tr uegj

jf i ; ai = tr uegj
;

Accur acy =
jf i ; f i = ai gj

N
:

In the �rst step of our algorithm, patches labeled
as “blur” are consideredas tr ue instancesin evaluating
blur/nonblurclassi�er whereas,in thesecondstep,patches
labeledas “motion” are consideredas tr ue in evaluating
motion/focalblur classi�er.

For evaluatingindividual featuresin blur detection,we
plot precision-recallcurves to show the discriminatory
power. Similar to the de�nition of ´ a , we set ´ i =
P (qi j B lur ) =P (qi j Sharp), where i = f 1; 2; 3g and
show in Fig. 5(a) the precision-recallcurves for each
blur metric ´ i and the combinedmetric ´ a in classifying

blur/nonblurregions. Our classi�er ´ a , in general,is with
the bestperformanceandachievesover 95% precisionfor
low recall. Amongour blur metrics,thefeatureof gradient
magnitudespań 2 shown in blueis themostdiscriminative
one.This is notsurprisingsinceblurredpatchesrarelycon-
tain steepchangesof intensities. Table1 shows the max-
imum accuracy rate, as well as the overall accuracy rate
calculatedby averagingover all recall levels. The maxi-
mum accuracy rate76.98%for blur/nonblurclassi�cation
is achievedwhen´ a = 0:4. This thresholdis usedlaterfor
ourapplicationof blur regionrecognitionandsegmentation.
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Figure 5. Precision-Recallcurves of our classi�cation. (a)
Blur/nonblurclassi�cationresults.Thecurvecorrespondingto the
classi�er using´ a is shown in red,whereasthecurvesfor classi-
�ers using´ 1 , ´ 2 , and´ 3 , areshown in green,blue, andpurple,
respectively. (b) Precision-Recallcurvefor motion/focalblur clas-
si�cation.

Classi�cation Overall Maximum
Tasks Accuracy Rate Accuracy Rate

Blur / Nonblur 63.78% 76.98%
Motion / Focalblur 65.45% 78.84%

Table1. Accuracy Rateon thetestingdataset.

In the secondstep,we testmotion/focalblur classi�ca-
tion using ´ b. Fig. 5(b) shows the precision-recallcurve.
As listedin Table1, themaximumaccuracy rateis 78.84%
when´ b = 1:3. This thresholdis alsousedlater for blur
segmentation.

Becauseof thesimilarity of theblurredandlow-contrast
regions in natural images, our classi�cation results in-
evitably containerrors.We examinedincorrectlyclassi�ed
patchesandfoundthatthelatentambiguoustextureorstruc-
ture in patchesis the main causeof errors. For example,
Fig. 7(a)and(b) show patcheswronglyclassi�edasblurred
regionsdueto theshadow or low contrastpixels.Thepatch
in Fig. 7(c) is mistakenly classi�edasmotionblur because
of thestrongdirectionalstructures.

The patch-basedblur detectionand classi�cation can
serve asa foundationfor rankingthedegreeof imageblur.
In experiments,we collecta setof �o wer picturessearched
from Google and Flickr. Each image is segmentedinto
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Figure6. Selectedexamplesof images(�rstrow) andmanuallylabeledpatches(secondrow) from ourdatasets.

(a) (b) (c)

Figure7. Examplesof wronglyclassi�edpatches.

patcheswith size 20 £ 20. We rank each image by a
blur con�dencevaluede�ned proportionalto thenumberof
blurredregionsin eachimage.Fig. 9 shows theblur recog-
nition resultsby our methodwherethe blur con�denceof
eachimageincreasesfrom left to right, coincidentwith hu-
manvisualperception.

5.2.Blur RegionSegmentation

Our methodcanalsobeusedin partially blurredimage
segmentation.Becausetheblur classi�cationis performed
on patches,we detecttheblur informationof onepixel by
usinga local patchcenteredat it. Thespatialsimilarity of
blur typesfor neighboringpixels is alsoconsideredby in-
troducingasmoothnesstermsimilar to thatde�ned in [19].
Combiningthe blur detectionand the pair-wise blur type
similarity, we constructa Markov RandomField for each
image. The correspondingGibbsenergy is minimizedby
applyingtheGraphCutsmethod[16].

We show two blur segmentationexamplesin Fig. 8,
where (a) and (b) give a comparisonof the segmenta-
tion resultsproducedby the methoddescribedin [18] and
our approach.With comparablesegmentationresults,our
methoddo not needto infer the blur kernelandmake the
directionalmotionassumption.Our featuresarecomputed
within patchesof size50£ 50centeredateachpixel.

In (c) and (d) of Fig. 8, we show that our methodis
able to partition an imageinto several segmentswith re-
spect to different blur types. In this example, we ap-
ply our blur/nonblurclassi�er to �rst segmentout the un-
blurredregions(shown in red in (d)) andthenextract mo-

(a) (b)

(c) (d)

Figure8. Blur segmentationresultsfor partially blurred images.
(a) Blur segmentationresultpresentedin [18]. (b) Our resulton
the sameexamplewithout needingto infer the blur kernels. (c)
showsachallengingimageexamplecontainingunblurred,motion
blurred, and focal blurred regions. (d) Our segmentationresult
with unblurredregions in red, motion blurred region in yellow,
andfocalblurredregionsin blue.

tion blurredregions(shown in yellow in (d)). Differently
blurredregionsarefaithfully segmented,indicatingthatour
automaticmethodcan serve as a reliable basisfor many
region-basedimage applications,such as motion estima-
tion, content-basedimageretrieval, andobjectextraction.



PSfragreplacements
Imageswith increasingblur con�dence

Figure9. Partial blur recognitionfor �o wer images.Imagesareshown in anascendingorderin termof thesizeof blurry regions.

6. Conclusionand Futur eWork

In this paper, we have proposeda partial-blurimagede-
tectionandanalysisframework for automaticallyclassify-
ing whetherone imagecontainsblurredregionsandwhat
typesof blur occur without needingto performingimage
deblurring. Several blur features,measuringimagecolor,
gradient,andspectruminformation,areutilized in aparam-
etertrainingprocessin orderto robustlyclassifyblurredim-
ages.Extensive experimentsshow that our methodworks
satisfactorily with challengingimagedataand can be ap-
plied to partial-blurimagedetectionandblur segmentation.
Our method,in principal, providesa foundationfor solv-
ing many blur-orientedand region-basedcomputervision
problems,suchascontent-basedimageretrieval, imageen-
hancement,high-level imagesegmentation,andobjectex-
traction.
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