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ABSTRACT

Thispaperdescribesamethodfor blind estimationof sharpnessandresolvingpowerfrom asingleimage.Thesemeasures
canbeusedto characterizeimagesin thecontext of theperformanceof imageanalysisprocedures.Themethodassumes
thepoint spreadfunction(PSF)canbeapproximatedby ananisotropicGaussian.Thewidth � of thePSFis determined
by the ratio ����������� of the standarddeviationsof the intensityandof its derivative at edges. The contrastsensitivity
function(CSF)is basedonanoptimalmodelfor detectingstraightedgesbetweenhomogeneousregionsin noisyimages.
It dependson thesignalto noiseratio andis linear in the frequency. Themethodis appliedto artificial andreal images
proving thatit givesvaluableresults.

1 INTRODUCTION

The usability of imagesfor interpretation,orientationor
objectreconstructionpurposeshighly dependson the im-
agequality. In principle it makesno differencewhether
imageanalysisis performedmanuallyby a humanopera-
tor or whetherdigital imagesareanalyzedautomatically:
Thereliability, accuracy andprecisionof resultsof image
analysisproceduresdirectly is influencedby thequality of
theunderlyingimagedata.

Imagequality canbe characterizedby a large numberof
measures,e.g. contrast,brightness,noisevariance,sharp-
ness,radiometricresolution,granularity, pointspreadfunc-
tion (PSF),modulationandcontrasttransferfunction(MTF,
CTF), resolvingpower, etc. (cf. (Lei andTiziani, 1989),
(Zieman,1997)),all referringto theradiometryof theim-
ages.

As aerialcamerasandfilms aredesignedto obtainhigh-
est imagequality, the user, basedon his/her experience
normally just decideson whetherthe imagescanbe used
or not, e. g. due to motion blur. In the following pro-
cess,imagequality is not referredto usingclassicalqual-
ity measures.With digital or digitizedimagesthesituation
changes,especiallybecauseautomaticimageanalysispro-
cedurescanbeappliedandtheirperformancecanbemuch
betterdescribedasa functionof imagequality.

In (Förstner, 1996)it is shown that theperformancechar-
acteristicsof visionalgorithmscanbeusedto selecttheset�
	���
��

of algorithms
	

with tuning parameters



appliedto
imagedata � leadingto aquality � ����� � ��	���
�� of theresult
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Thustheprobability

 
of obtainingaquality � beingbetter

thana pre-specifiedminimum quality �&% shouldbe larger
thana pre-specifiedminimum probability

 % . The most
difficult partin evaluatingthisequationis thecharacteriza-
tion of thedomain+ of all theimages� whichoneexpects.
Thereforeoneneedsto be able to characterizeimagesto

that extent which is relevant for the taskof performance
characterizationor more specifically for the selectionof
appropriatealgorithms

	
andtuning parameters



. As an

example,fig. 1 shows theeffect of two differentedgede-
tectorson two aerial imagesof differentsharpness.The
final goal would be to predict the quality of the resultof
theseedgedetectorsasa functionof the imagesharpness
asoneof thedecisiveparameters.

left: original, right : smoothedwith ,.- , � �0/

Edgesfrom FEX (cf. (Fuchs,1998))

Edgesfrom SUSAN(cf. (SmithandBrady, 1997))

Figure1: Effect of two differentedgedetectorson aerial
imagesof differentsharpness.Thesameparameterswere
takenfor both images,no attemptwasmadeto obtainthe
bestresultsin all four cases.

Among othermeasures,suchaspower spectrumor edge
density, imagesharpnessis important for characterizing
images.Imageblur, which limits the visibility of details,
canbe objectively measuredby the point spreadfunction



(PSF)or its amplitudespectrum,the modulationtransfer
function(MTF). Togetherwith thecontrastsensitivity func-
tion (CSF),giving the leastdetectablecontrastat anedge
asa functionof thespatialfrequency of intensitychanges,
onecanderivetheresolvingpower. It is themaximumfre-
quency of a periodicsignalwhich canbe detectedwith a
givencertainty.

Now, theprecisedeterminationof thePSFis quiteinvolv-
ing, and usually derived from the intensity transition at
edges,yielding thecumulative distribution of thePSF, in-
terpretedas probability density function. Moreover, the
classicalCSFrefersto a humanobserver.

This paperassumesthe PSF to be a Gaussianfunction.
We will introducea simple procedurefor measuringthe
maincharacteristicsof thePSF, namelyits width. We give
a definition for the CSF basedon an ideal edgedetector
for straightedgesbetweennoisyhomogeneousregions. It
thereforeallows to fully automaticallydeterminethe re-
solvingpowerof suchanidealedgedetector. Experiments
with syntheticandrealdatademonstratetheusefulnessof
theproposedapproach.

2 THEORETICAL BASIS

As we areinterestedin simplifying thecharacteristicmea-
suresof imagequalitywe summarizethebasicrelations.

2.1 Point and edgespreadfunction

Thequality of an imagingsystemmaybeevaluatedusing
the un-sharpnessor blur at edges.The edgespreadfunc-
tion of a 1-dimensionalsignalis the response12 ��34� of the
systemto an idealedge2 ��34� of height1 (cf. thefirst row
in fig. 2).

The quality of an imagingsystemusuallyis describedby
the point spreadfunction (cf. the secondrow of fig. 2),
being the response5 ��34� of the systemto a delta func-
tion 6 �"3�� . As the imagingsystemis assumedto be linear
and the ideal edge 2 �"3�� is the integral of the 6 -function,
thepoint spreadfunction is thefirst derivative of theedge
spreadfunction: 12 ��3��7� 5�8 �"3�� . Observe, we may in-
terpretethe point spreadfunction asa probability density
functionandthecorrespondingedgeresponsefunctionas
its cumulativedistributionfunctionresp.distributionfunc-
tion.

In two dimensionsthe situation is a bit more involving.
If we differentiatethe 1-dimensionalcrosssectionof the
response12 ��9:� to an ideal two dimensionaledge 2 �"94� we
obtaina bell shapedfunction. It is the marginal distribu-
tion of thepoint spreadfunctionalongtheedgedirection.
Fusinga large numberof suchmarginal distributions of
thePSFcanonly bedonein theFourierdomainusingto-
mographicreconstructiontechniques(cf. (Rosenfeldand
Kak, 1982)).

Thesituationbecomesmucheasierin casewecanapprox-
imatethe2-dimensionalPSFby aGaussian.Thentheedge
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Figure2: Edgespreadfunction,point spreadfunctionand
modulationtransferfunction.

spreadfunction, i. e. the responseto an arbitraryedgeis
anintegratedGaussianfunction.

In detailweassume;=<">@?@A BCED�F GHF�I�JLKM >ON GQP K >
wherethematrix

G
canbewrittenasG ASRUT0V:WX YY V W[Z RQ\=]

Herethetwo parametersV X and V W representthewidth of
the PSFin two orthogonaldirectionsand

R
is the corre-

spondingrotationmatrix. In casewe have two edgeson
the principle directions ^ and _ of the PSFwe obtainthe
two edgeresponsefunctions`a X ^ ?�A BV X erf

T ^V X Z `a W < _ ?�A BV W erf
T _V W Z

with theerrorfunctionerf
<�b�?cAedOfJ4gih X <�j�?lk*j .

We referto theindividual valuesV aslocal scale asit cor-
respondsto thenotionof scalein a multi-scaleanalysisof
animage.Thematrix

G
is calledscale matrix.

2.2 Modulation Transfer Function (MTF)

It is convenientto describethecharacteristicsof theimag-
ing systemby its responseto periodicpatterns,leadingto
themodulationtransferfunction m <"n=o�pq? . It is the ampli-
tudespectrumof thepoint spreadfunction,;r<"bro�st?=uwvEx m <�nyo�pt?�o



explicitely 5 ��3=��z��@�0{|{|}~�"9=���q�l�������q���������&� � 9 � � or5 �
�@�@�0��}~���$��� ����� �$��� � �
usingthedefinitionof theFouriertransformof (Castleman,
1979).

In casewehaveasinus-typepattern2 ��3��c�7	$�����r�
/��:9�34�@�	$�����r��/E� �� �
theresponseof thesystemis a sine-wavewith

contrast1	��S}���9:�l	 . As theMTF usuallyfallsoff for large
frequencies,contrastof tiny detailsis diminishedheavily.

In our specialcontext weobtaintheMTF for theGaussian
shapedPSF ,.� �
�@�r���� ���¡ ����¢ ����£¤�
which againis a Gaussian,however, with thematrix ¥ �£ ¡�¦ ��§ � � asparameter. Observethatwe have¥ �0¨ª© ¦« � ¢ - ¢¬ ­­ ¦« � ¢ - ¢¢7® ¨!¯ )
2.3 Contrast Sensitivity Function

In orderto evaluatethe usefulnessof the imagingsystem
with a certainPSFor MTF thesocalledcontrastsensitiv-
ity function (CSF)is used. The contrastsensitivity func-
tion givestheminimumcontrastat a periodicedgepattern
which canbeperceivedby a human.In our casewe want
to applythis notionto edgedetectors.

Assumewe have a periodicpatternof edgescharacterized
by thewavelength° andthecontrast± . Furtherassumethe
imageto besampledwith a pixel sizeof ² 3 andthenoise
hasstandarddeviation ��³ . An ideal edgedetectorwould
adaptto thewavelengthof thepatternandperformanop-
timal testwhetheranedgeexistsor not. For simplicity we
assumethatthepatternis parallelto oneof thetwo coordi-
natesystemsandthattheedgedetectorusesthemaximum
possiblesquareof size °µ´¶° . Thedifference²¤· between
themeanş ¦ and ¸ � of thetwo neighbouredareascanbe
determinedfrom the ¹ � /¤�º� ° � ² 3��l� � / pixelsin thetwo
areas.It hasstandarddeviation��»O� �½¼ � �¾ ¬À¿ � �¾ ¢ �0Á / � ¾ �ÂÁ /tÃÅÄ /¹ � ³ � / ² 3° � ³ )
Thusin casewe performthetestwith a significancenum-
ber Æ andrequirea minimumprobability Ç�% for detecting
theedgewecandetectedgeswith a minimumheight²È%&· � 6&% � Æ � Ç�% � ��»O� � 6&% � Æ � ÇÉ% � / ² 3° � ³ )
The factor 6 % � Æ � Ç % � dependson the significancelevel of
the testandthe requiredprobabilityof detectinganedge.
It is reasonableto fix it; in casewe choosea small sig-
nificancenumberÆ � ­ ) ­�­ÉÊ anda minimumdetectabilityÇ�% � ­ ) Ë we have 6&% � § ) Ê�ÌiÍ § . The minimum de-
tectablecontrastin a reasonablemannerdependson the
size of the window and the noise level: The larger the

noisestandarddeviation and the smallerthe window the
larger the contrastof the edgeneedsto be in order to be
detectable.

As we finally want to relatethe contrastsensitivity to the
frequency

9Î� Ê � ° andobtainthecontrastsensitivity func-
tion

CSF
�"94� )� ² % · ��9:�@�S/ 6 % ² 3¤9 ��³

It goeslinear with the frequency, indicating higher fre-
quency edgepatternsrequirehighercontrast.

2.4 Resolvingpower

The resolving power Ï  usually is definedas that fre-
quency

9
wherethe contrastis too small dueto the prop-

ertiesof the imagingsystemto bedetectable.As periodic
patternswith smallwave lengthwill loosecontrastheavily
they maynot beperceivableany more.

The MTF hasmaximumvalue 1 and measuresthe ratio
in contrastMTF

�"94�Ð� 1	4��9:� � 	��"94� , whereastheCSFmea-
suresthe minimum contrastbeingdetectable.In orderto
beableto comparetheMTF with theCSFwe needto nor-
malizetheCSF. This easilycanbedonein casewe intro-
ducethesignalto noiseratio

SNR
�ÒÑ� ³ �

with Ñ beingthecontrast.Thentherelative contrastsensi-
tivity functionreadsas

rCSF
�"94� )� CSF

�"94�Ñ � / 6�%�² 3Ó9 � ³Ñ � / 6&%�² 3Ó9
SNR

which immediatelycanbecomparedwith theMTF.

One usually argues,that the resolvingpower is the fre-
quency wheretherelative contrast,measuredby theMTF,
is identicalto theminimumrelativecontrastbeingdetecta-
ble (cf. fig. 3). ThustheresolvingpowerRP=

9 % is implic-
itly givenby

MTF
�"9 % �@� rCSF

�"9 % � )

u0

c usable image contrast

MTF
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u
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Figure3: Relationsbetweenthemodulationtransferfunc-
tion (MTF), thecontrastsensitivity function(CSF)andthe
resolvingpower (RP).

In the1-dimensionalcasewe canexplicitely give
9 %9 % � Ê/E� �.Ô LambertW Õ � �6 �% � �² 3 � SNR

�×Ö )



TheLambertW-functionis definedimplicitly by (c.f. (Cor-
lesset al., 1996))

LambertW
�"3��ÀÃ

exp
�
LambertW

��34�����S3 )
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Figure4: Resolvingpower in lines/mmfor aerial images
with a pixel sizeof 15 ¸ m asa functionof SNR(left, � �Ê ) andof thewidth � of thePSF(right, SNR=10)

Figure4 shows theresolvingpower of our ideal edgede-
tector in lines/mmfor aerial imagesasa function of the
signalto noiseratioandof thewidth � of thepoint spread
function. The resolvingpower increaseswith increasing
SNRandreaching25-30lines/mmfor goodSNRs. It de-
creaseswith increasingblur, falling below 10lines/mmfor� # §�Ø ¸:Ù . Theseresultsarereasonable,asthey arecon-
firmed by practicalexperienceswith digital aerial images
(c.f. (Albertz,1991)).

2.5 Contrast, Gradient and Local Scale

We now derive a simplerelationbetweenthecontrast,the
gradientandthelocalscale,whichwewill useto determine
thelocal scaleat anedge.We assumeanedgein animage
to bea blurredversionof anidealedge.In casethePSFis
a Gaussian,.- ��34� theedgefollows2 ��3��c� erf� ��3��c� Ñ Ê� erf Ú 3�LÛ ¿ Ù
where Ù is the meanintensityand Ñ is the contrast.Fol-
lowing (Fuchs,1998)thecontrastcanbedeterminedfrom
the standarddeviation �É� of the signal aroundthe edge,Ñ �Ü/ �É� . Thegradientmagnitudeof theedgeis givenby
thefirst derivative of theedgefunction,which in our case
is Ñ , - � ­ �@� Ñ � � Á /E� � � . Thuswe havetherelation� Ý · ��� ÑÁ /E� �
Fromthisand Ñ �S/ �É� wecaneasilyderive� � Ä /� � �� Ý · �
Thepracticalproceduredeterminesthevarianceof thesig-
nal from� �� �7Þß� · � �y�'�"ÞQ� · ��� � � · ��à , -�á �i� · à , -�á � �

wherethe kernelwidth â is chosento be large enoughto
grasptheneighbouringregions.Weuseakernelsizeof â �/ ­ . The gradientmagnitudeshouldbeestimatedrobustly
from asmallneighborhood.WeuseaGaussiankernelwith� � Ê for estimatingthegradientmagnitude.

2.6 Blind estimating the PSFfr om a singleimage

We are now preparedto develop a procedurefor blindly
estimatingthePSFfrom a singleimage.Blind estimation
means,we do notassumeany testpatternto beavailable.

As the PSFis derivedvia the sharpnessof the edges,and
the PSFis the imageof an ideal point, a 6 -function, we
needto assumethattheimagecontainsedgeswhich in the
originalareverysharp,thuscloseto idealstep-edges.This
cane.g. beassumedfor imagesof buildingsor otherman-
madeobjects,asthesharpnessof theedgesin objectspace
is muchhigherthanthe resolutionof the imagingsystem
canhandle.Formally, if theimagescaleis Êäã*å , thewidth��æ of theimageof thesharpedgewouldbe ��æ � ��ç�� å and
we assumethat this valueis far beyondwhat theopticsor
thesensorcanhandle.

Now, for eachedgewe obtaina singlevalue ��è . In case
it would be the imageof an ideal edgein objectspaceit
canbe interpretedasanedgewith theexpectedmeanfre-
quency Ê �E� è in theMTF in thatdirection.Thuswe obtain
ahistogramfrom all edgeswith� è � Ê� è Õ0é�ê �Éë�����Ðë Ö

and
� è �ì� Ê� è Õ0é�ê �Éë�����Ðë Ö

wherethedirectionvectorpointsacrosstheedge.We use
two values,aswedonotwantto distinguishbetweenedges
having differentsign.

In casethe edgeis alreadyfuzzy in objectspace,the es-
timatedvalue � è of theedgewill be larger, thusthe Ê �E� è
will besmaller. Thereforewe searchfor theellipsewhich
containsall points

9 è andhassmallestarea.Thisellipseis
an estimatefor the shapeof the ellipse

� ¯ £¤�º� Ê , thus
for

£
of thePSF.

3 EXPERIMENT AL RESULTS

Thefollowing exampleswantto show theusefulnessof the
approach.In detailwedo thefollowing:

1. Usingan ideal testimage(Siemensstar)with known
sharpnesswecompareourestimationwith givengro-
undtruth (cf. fig. 5).

2. Using the sametest imagebut with noisewe check
the sensitivity of the methodis with respectto noise
(cf. fig. 6).

3. Usingrealimageswith knownartificial blur wecheck
whetherthe methodworks in casethe edgedistribu-
tion is arbitrary(cf. fig 7).



4. Using scannedaerial imagery with different sharp-
ness,causedby thescanningprocedure,we testwhe-
ther the methodalso reactsto naturaldifferencesin
sharpness(cf. fig. 8).

In all casestheminimumresolvingpowerof anidealedge
detectoris given. In thecaseof digital imageswe referto
a pixel sizeof 15 ¸ m.

3.1 Demonstrationon syntheticData

Teston noiselessdata. Thefollowing sequenceof grad-
ually blurredimageswasusedto testtheproposedmethod
to determinethe point spreadfunction and the resolving
power with respectto correctnessof the implementedal-
gorithm.
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Figure5: Siemens- starat variousstepsof imagesharp-
ness( ² 3Ü� Ê Ø ¸ m, �É³ � Ê · � , SNR

�ú/ Ø�Ø ). left: test
image,right: histogramof edges,resolvingpowerof opti-
maledgedetector.

Themethodgivesreasonableresults:For eachtestimage,
the histogramof edgesis a circle with the correctradiusÊ �E� , beingthereciprocalwidth � of thepointspreadfunc-
tion usedto generatetheimage.

Test on noisy data. To test the sensitivity of the algo-
rithm with respectto imagenoisethe Siemensstar � �
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Figure6: Siemensstarwith � �0/ ) Ë pelatvariousstepsof
imagenoise(SNR=Ê / Ë ��� § ���*/�� Ê ��� Ë )./ ) Ë pel from fig. 5 wasspeckledwith Gaussiannoise,the
noisevariancebeing � �³ .
The resultsin fig. 6 show that the methodis quite robust
with respectto imagenoise.Notethattheslightly decreas-
ing resolvingpower of the idealedgefrom thefirst to the
lastrow is causedby theincreasingimagenoise.

3.2 Resultson realdata

Realdata with artificial blur. Themethodwasalsotes-
ted on a real imageof the MIT building which wasgrad-
ually blurred by convolution with Gaussianfilters of in-
creasingfilter width (cf. fig 7).

We seethat the methodseemsto yield correctresults. In
almosteachhistogramof edgesthe ellipsecontainingall
pointsis elongated,indicatinganisotropy of theimagesharp-
nessfor thegivenimage.

Aerial imagewith various sharpness. Finally, the me-
thod wasappliedto digitized versionsof an aerial image
(cf. fig. 8, top row) scannedthree times with a pixel
sizeof 7̧ m. Variousimagesharpnesshasbeenrealized
physicallyby imposinglayersof transparenciesbetween
the original andthe scannerplatform, thusexploiting the
limited depthof view of theopticalsystemof thescanner.
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Figure7: MIT building atvariousstepsof imagesharpness
(SNR=20).

We seein fig. 8 that the methodworks quite well even
on realdata.Thedifferentsharpnessof thethreeversions
of the imagesharpnessis recognized.Thegoodresolving
power obtainedfor the idealedgedetectoris plausible,as
thescannedoriginalwasof excellentquality.

4 CONCLUSIONS AND OUTLOOK

We have developeda procedurefor blindly estimatingthe
pointspreadfunction.Wedefineacontrastsensitivity func-
tion. This allows us to derive the resolvingpower as a
functionof the PSF, the pixel sizeandthe signalto noise
ratio. The PSFis assumedto be an anisotropicGaussian
function. We estimatethe correspondingscalematrix �
from the local scaleat automaticallyextractededges.We
assumetheimagecontainsenoughedgeswith differentori-
entationswhich resultfrom very sharpedgesin thescene.
Thecontrastsensitivity functionwhichis basedonanideal
adaptiveedgedetectionschemefor straightedgesbetween
noisy homogeneousregions is derived. Experimentson
artificial and real datademonstratethe usefulnessof the
approach.

Themethodis restrictedto imageswith asufficientnumber
of edgesandto GaussianshapedPSF. An extensionto gen-
eral point spreadfunctionsis possibleusingtomographic
techniques,basedontheRadon-transformation(cf. (Rosen-
feld andKak, 1982)).
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Figure 8: Aerial imageswith various image sharpness.
Top: wholeoriginal imagewith imagepatch.Left: image
patchatvariousstepsof sharpness.Right: edgehistogram,
resolvingpower.

REFERENCES

Albertz,J.,1991. GrundlagenderInterpretationvon Luft-
und Satellitenbildern-Eine Einführungin die Fernerkun-
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