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ABSTRACT

Thispaperdescribesmethodfor blind estimatiorof sharpnesandresolvingpowerfrom asingleimage.Thesemeasures
canbeusedto characterizémagesn the contet of the performancef imageanalysisproceduresThe methodassumes
the point spreadunction (PSF)canbe approximatedy an anisotropicGaussianThewidth o of the PSFis determined
by theratio o, /0, of the standarddeviations of the intensity and of its derivative at edges. The contrastsensitvity
function(CSF)is basedn anoptimalmodelfor detectingstraightedgeshetweerhomogeneougegionsin noisyimages.
It dependn the signalto noiseratio andis linearin the frequeng. The methodis appliedto artificial andrealimages

proving thatit givesvaluableresults.

1 INTRODUCTION

The usability of imagesfor interpretation,orientationor

objectreconstructiorpurposesighly dependsn theim-

agequality. In principle it makes no differencewhether
imageanalysisis performedmanuallyby a humanopera-
tor or whetherdigital imagesare analyzedautomatically:
Thereliability, accurag and precisionof resultsof image
analysigprocedureslirectly is influencedby the quality of

theunderlyingimagedata.

Imagequality canbe characterizedy a large numberof
measurese. g. contrastbrightnessnoisevariance sharp-
nessradiometriaesolutiongranularity pointspreadunc-
tion (PSF) modulationandcontrastransferfunction(MTF,
CTF), resolvingpower, etc. (cf. (Lei andTiziani, 1989),
(Zieman,1997)),all referringto the radiometryof theim-
ages.

As aerial camerasandfilms are designedo obtain high-
estimage quality, the user basedon his/her experience
normally just decideson whetherthe imagescanbe used
or not, e. g. dueto motion blur. In the following pro-
cess,imagequality is not referredto usingclassicalqual-
ity measuresWith digital or digitizedimageshe situation
changesgspeciallypecausautomatiamageanalysispro-
ceduresanbeappliedandtheir performanceanbemuch
betterdescribedasa functionof imagequality.

In (Forstner 1996)it is shovn thatthe performancechar
acteristicof visionalgorithmscanbeusedto selectheset
(a,t) of algorithmsa with tuning parameters appliedto
imagedatad leadingto aquality ¢(r|d, a, t) of theresultr
from

@1t) = {(a,1)|P(a(rld, a, ) > q0) > Po}-

Thustheprobability P of obtaininga quality ¢ beingbetter
thana pre-specifiedninimum quality ¢ shouldbe larger
than a pre-specifiedninimum probability Py. The most
difficult partin evaluatingthis equationis thecharacteriza-
tion of thedomainD of all theimagesi whichoneexpects.
Thereforeone needsto be ableto characterizémagesto

that extent which is relevant for the task of performance
characterizatioror more specificallyfor the selectionof
appropriatealgorithmsa andtuning parameters. As an
example,fig. 1 shows the effect of two differentedgede-
tectorson two aerialimagesof differentsharpness.The
final goal would be to predictthe quality of the resultof
theseedgedetectorsaasa function of the imagesharpness
asoneof thedecisive parameters.
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Figurel: Effect of two differentedgedetectorson aerial
imagesof differentsharpnessThe sameparametersvere
takenfor bothimages,no attemptwasmadeto obtainthe
bestresultsin all four cases.

Among other measuressuchas power spectrumor edge
density image sharpnesss importantfor characterizing
images. Imageblur, which limits the visibility of details,
canbe objectively measuredy the point spreadfunction



(PSF)or its amplitudespectrum,the modulationtransfer
function(MTF). Togethemith thecontrassensitvity func-
tion (CSF),giving the leastdetectablecontrastat anedge
asafunction of the spatialfrequeng of intensitychanges,
onecanderive theresolvingpower. It is themaximumfre-
gueng of a periodicsignalwhich canbe detectedwith a
givencertainty

Now, the precisedeterminatiorof the PSFis quite involv-
ing, and usually derived from the intensity transition at
edgesyielding the cumulative distribution of the PSFE in-
terpretedas probability density function. Moreover, the
classicalCSFrefersto ahumanobsenrer.

This paperassumeghe PSFto be a Gaussiarfunction.
We will introducea simple procedurefor measuringthe
maincharacteristicef the PSE namelyits width. We give
a definition for the CSF basedon an ideal edgedetector
for straightedgeshetweemoisy homogeneougegions. It
thereforeallows to fully automaticallydeterminethe re-
solvingpower of suchanidealedgedetector Experiments
with syntheticandreal datademonstrat¢he usefulnesof
theproposedapproach.

2 THEORETICAL BASIS

As we areinterestedn simplifying the characteristienea-
suresof imagequality we summarizethe basicrelations.

2.1 Point and edgespreadfunction

The quality of animagingsystemmay be evaluatedusing
the un-sharpneser blur at edges. The edgespreadfunc-
tion of a 1-dimensionakignalis the response(z) of the
systemto anideal edges(z) of heightl (cf. thefirst row
in fig. 2).

The quality of animagingsystemusuallyis describedy

the point spreadfunction (cf. the secondrow of fig. 2),

being the responseh(x) of the systemto a delta func-

tion d(x). As theimagingsystemis assumedo be linear
andthe ideal edges(x) is the integral of the §-function,
the point spreadfunctionis thefirst derivative of the edge
spreadfunction: 5(z) = h'(z). Obsere, we may in-

terpretethe point spreadfunction asa probability density
functionandthe correspondingedgeresponsdunction as
its cumulative distribution functionresp.distribution func-
tion.

In two dimensionsthe situationis a bit more involving.
If we differentiatethe 1-dimensionakrosssectionof the
responses(u) to anideal two dimensionaledges(u) we
obtaina bell shapedunction. It is the marginal distribu-
tion of the point spreadfunction alongthe edgedirection.
Fusinga large numberof suchmaiginal distributions of
the PSFcanonly be donein the Fourierdomainusingto-
mographicreconstructiortechniquegcf. (Rosenfeldand
Kak, 1982)).

Thesituationbecomesnucheasielin casewe canapprox-
imatethe2-dimensionaPSFby a GaussianThentheedge
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Figure2: Edgespreadunction, point spreadunctionand
modulationtransferfunction.

spreadfunction,i. e. the responseo an arbitraryedgeis
anintegratedGaussiariunction.

In detailwe assume

_ 1 gty
@)= 2=

wherethematrix ¥ canbewritten as

)&

Herethetwo parameterg; ando, representhe width of
the PSFin two orthogonaldirectionsand R is the corre-
spondingrotation matrix. In casewe have two edgeson
the principle directions¢ andn of the PSFwe obtainthe
two edgeresponsdunctions

51€) = Uilerf (U%) 32(n) = U%erf (a%)

with theerrorfunctionerf(z) = [*_ Gi(t)dt.

o 0

E:R(O ”

We referto theindividual valueso aslocal scale asit cor-
respondgo the notion of scalein a multi-scaleanalysisof
animage.Thematrix X is calledscale matrix.

2.2 Modulation Transfer Function (MTF)

It is convenientto describethe characteristicef theimag-
ing systemby its responseo periodic patterns)eadingto
the modulationtransferfunction H (u, v). It is theampli-
tudespectrunof the point spreadunction,

h(z,y) oo H(u,v),



explicitely h(z,y) = [ [ H(u,v)e??"@4+¥0dydy  or
hz) = /H(u)ep”udeu

usingthedefinitionof theFouriertransformof (Castleman,
1979).

In casewe haveasinus-typegatterns(z) = a sin(2ruz) =
asin(27 ) theresponsef the systemis a sine-wave with
contrasti = H(u)a. AstheMTF usuallyfalls off for large
frequenciescontrasiof tiny detailsis diminishedheavily.

In our specialcontext we obtainthe MTF for the Gaussian
shapedPSF

GE (.’B) oe e—2n2uTEu
which againis a Gaussianhowever, with the matrix P =
>~ /47r? asparameterObsene thatwe have

_1 0
P=R< imoy 1 ) R'.
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2.3 Contrast Sensitvity Function

In orderto evaluatethe usefulnes®f the imaging system
with a certainPSFor MTF the so calledcontrastsensitv-

ity function (CSF)is used. The contrastsensitvity func-

tion givesthe minimum contrastat a periodicedgepattern
which canbe perceved by a human.In our casewe want
to applythis notionto edgedetectors.

Assumewe have a periodicpatternof edgescharacterized
by thewavelength\ andthecontrasic. Furtherassumehe
imageto be sampledwith a pixel sizeof Az andthenoise
hasstandarddeviation ¢,,. An ideal edgedetectorwould
adaptto the wavelengthof the patternand performan op-
timal testwhetheranedgeexistsor not. For simplicity we
assumehatthepatternis parallelto oneof thetwo coordi-
natesystemsandthatthe edgedetectoruseshe maximum
possiblesquareof size\ x A. ThedifferenceAg between
themeansu; andpu, of thetwo neighbouredareascanbe
determinedrom the N/2 = (\/Ax)? /2 pixelsin thetwo
areaslt hasstandardleviation

/2 2Ax
OAg = 0'12“ +0.1212 = \/io'll = \/5 ﬁan = T(Tn.

Thusin casewe performthetestwith a significancenum-
ber o andrequirea minimum probability 3, for detecting
theedgewe candetectedgeswith a minimumheight

2A
Bog = do(a, Bo)ay = do(as fo) 50

The factordy(a, fy) dependon the significancelevel of
the testandthe requiredprobability of detectinganedge.
It is reasonabléo fix it; in casewe choosea small sig-
nificancenumbera = 0.001 anda minimumdetectability
Bo = 0.8 we have 69 = 4.17 =~ 4. The minimum de-
tectablecontrastin a reasonablenannerdependson the
size of the window and the noiselevel: The larger the

noisestandarddeviation and the smallerthe window the
larger the contrastof the edgeneedsto bein orderto be
detectable.

As we finally wantto relatethe contrastsensitvity to the
frequeng v = 1/X andobtainthecontrassensitvity func-
tion

CSKHu) = Agg(u) = 260 Az u o,
It goeslinear with the frequeng, indicating higher fre-
queng edgepatterngequirehighercontrast.

2.4 Resolvingpower

The resolving power RP usually is definedas that fre-
queng u wherethe contrastis too small dueto the prop-
ertiesof theimagingsystemto be detectable As periodic
patternsvith smallwave lengthwill loosecontrastheavily
they may not bepercevablearny more.

The MTF hasmaximumvalue 1 and measureghe ratio
in contrastMTF(u) = a(u)/a(u), whereaghe CSFmea-
suresthe minimum contrastbeing detectable.In orderto
beableto comparghe MTF with the CSFwe needto nor-
malizethe CSF This easilycanbe donein casewe intro-
ducethesignalto noiseratio

SNR= i,

On

with k beingthe contrast.Thentherelative contrastsensi-
tivity functionreadsas

CSHu) 260 Azuo, 25Azu
ko k ~ SNR
whichimmediatelycanbe comparedwvith the MTF.

rCSHu) =

One usually argues, that the resolving power is the fre-
quengy wheretherelative contrastmeasuredy the MTF,
is identicalto the minimumrelative contrasbeingdetecta-
ble (cf. fig. 3). Thustheresolvingpower RP=u is implic-
itly givenby

MTF(ug) = rCSKuyg).

usable image contrast

MTF
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g
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Figure3: Relationsbetweerthe modulationtransferfunc-
tion (MTF), thecontrastsensitvity function(CSF)andthe
resolvingpower (RP).

In the 1-dimensionatasewe canexplicitely give ug

1 2 o2
uy = %\/Lambertw(%A—ﬁSNR?).




TheLambertWfunctionis definedimplicitly by (c.f. (Cor
lessetal., 1996))

LambertWz) - exp(LambertWz)) = z.
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Figure4: Resolvingpower in lines/mmfor aerialimages
with a pixel sizeof 15 ym asa functionof SNR(left, o =
1) andof thewidth ¢ of the PSF(right, SNR=10)

Figure4 shaws the resolvingpower of our ideal edgede-
tectorin lines/mmfor aerialimagesas a function of the

signalto noiseratio andof thewidth o of the point spread
function. The resolvingpower increasewith increasing
SNR andreaching25-30lines/mmfor goodSNRs. It de-
creasesvith increasingolur, falling belon 10 lines/mmfor

o > 45um. Theseresultsarereasonableasthey arecon-

firmed by practicalexperienceswith digital aerialimages
(c.f. (Albertz,1991)).

2.5 Contrast, Gradient and Local Scale

We now derive a simplerelationbetweernthe contrastthe
gradientandthelocalscale whichwewill useto determine
thelocal scaleatanedge.We assumenedgein animage
to beablurredversionof anidealedge.In casethe PSFis
aGaussiarG, (z) theedgefollows

s(x) = erfo(z) = k%erf (g) +m

wherem is the meanintensityandk is the contrast. Fol-

lowing (Fuchs,1998)the contrasttanbe determinedrom

the standarddeviation o, of the signal aroundthe edge,
k = 20,4. Thegradientmagnitudeof the edgeis givenby

thefirst derivative of the edgefunction, which in our case
is kG, (0) = k/(v/2mo). Thuswe have therelation

k
2mo

Vgl =
Fromthisandk = 20, we caneasilyderive

2 o,
0O =14 ——
™ |Vy|
Thepracticalproceduraletermineshevarianceof thesig-
nalfrom

0y = B(g") = (E(9))* = ¢" * G, — (9% Gor)”

wherethe kernelwidth [ is chosento be large enoughto
grasptheneighbouringegions.We useakernelsizeof [ =
20. The gradientmagnitudeshouldbe estimated-obustly
from asmallneighborhoodWe usea Gaussiarkernelwith
o = 1 for estimatinghe gradientmagnitude.

2.6 Blind estimatingthe PSFfrom a singleimage

We are now preparedo develop a procedurefor blindly
estimatingthe PSFfrom a singleimage. Blind estimation
meanswe do hotassumeary testpatternto be available.

As the PSFis derivedvia the sharpnessf the edgesand
the PSFis the imageof an ideal point, a §-function, we

needto assumehattheimagecontainsedgesvhichin the

original arevery sharp thuscloseto ideal step-edgesThis

cane.g. beassumedor imagesof buildingsor otherman-
madeobjectsasthe sharpnessf theedgesn objectspace
is much higherthanthe resolutionof the imaging system
canhandle.Formally, if theimagescaleis 1 : S, thewidth

o; of theimageof thesharpedgewould bes; = ¢,/S and
we assumehatthis valueis far beyond whatthe opticsor

thesensorcanhandle.

Now, for eachedgewe obtaina singlevalueo.. In case
it would be the imageof anideal edgein objectspaceit

canbeinterpretedasan edgewith the expectedmeanfre-

queny 1/, in the MTF in thatdirection. Thuswe obtain
ahistogramfrom all edgeswith

1 cos ¢ _ 1 cos ¢
ue_g'_6( sin ¢ ) and ue__o'_6( sin ¢
wherethe directionvectorpointsacrosghe edge.We use

two values aswe do notwantto distinguishbetweeredges
having differentsign.

In casethe edgeis alreadyfuzzy in objectspace the es-
timatedvalueo, of theedgewill belarger, thusthe1/o,
will besmaller Thereforewe searchfor the ellipsewhich
containsall pointsu, andhassmallesiarea.Thisellipseis
an estimatefor the shapeof the ellipseu’ Zu = 1, thus
for 3 of thePSE

3 EXPERIMENT AL RESULTS

Thefollowing examplesvantto showv theusefulnessf the
approachln detailwe do thefollowing:

1. Usinganidealtestimage(Siemensstar)with known
sharpness/e compareour estimatiorwith givengro-
undtruth (cf. fig. 5).

2. Using the sametestimagebut with noisewe check
the sensitvity of the methodis with respecto noise
(cf. fig. 6).

3. Usingrealimageswith known artificial blur we check
whetherthe methodworksin casethe edgedistribu-
tion is arbitrary(cf. fig 7).



4. Using scannedaerial imagery with different sharp-
nesscausedy the scanningprocedureywe testwhe-
ther the methodalsoreactsto naturaldifferencesn
sharpnesgcf. fig. 8).

In all caseghe minimumresolvingpower of anidealedge
detectoiis given. In the caseof digital imageswe referto
apixel sizeof 15 um.

3.1 Demonstration on synthetic Data

Teston noiselesglata. Thefollowing sequencef grad-
ually blurredimageswasusedto testthe proposednethod
to determinethe point spreadfunction and the resolving
power with respecto correctnes®f the implementedal-
gorithm.
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Figure5: Siemens starat variousstepsof imagesharp-
ness(Az = 15um, o, = lgr, SNR= 255). left: test
image,right: histogramof edgesresolvingpower of opti-
mal edgedetector
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The methodgivesreasonableesults:For eachtestimage,
the histogramof edgesis a circle with the correctradius
1/0, beingthereciprocalwidth o of the pointspreadunc-
tion usedto generateheimage.

Teston noisy data. To testthe sensitvity of the algo-
rithm with respectto imagenoisethe Siemensstaro =
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Figure6: Siemenstarwith o = 2.8 pelatvariousstepsof
imagenoise(SNR=128, 64, 32, 16, 8).

2.8 pel from fig. 5 wasspeckledwith Gaussiamoise,the
noisevariancebeingo?.

Theresultsin fig. 6 showv thatthe methodis quite robust
with respecto imagenoise.Notethattheslightly decreas-
ing resolvingpower of the ideal edgefrom the first to the
lastrow is causedy theincreasingmagenoise.

3.2 Resultsonrealdata

Realdata with artificial blur. Themethodwasalsotes-
ted on arealimageof the MIT building which wasgrad-
ually blurred by convolution with Gaussiarfilters of in-
creasindilter width (cf. fig 7).

We seethatthe methodseemsto yield correctresults. In
almosteachhistogramof edgesthe ellipse containingall
pointsis elongatedindicatinganisotropy of theimagesharp-
nessfor thegivenimage.

Aerial image with various sharpness. Finally, the me-
thod was appliedto digitized versionsof an aerialimage
(cf. fig. 8, top row) scannedthreetimes with a pixel
sizeof 7um. Variousimagesharpnesfiasbeenrealized
physically by imposinglayersof transparenciebetween
the original andthe scannerplatform, thus exploiting the
limited depthof view of the optical systemof thescanner
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We seein fig. 8 that the methodworks quite well even
onreal data. The differentsharpnessf the threeversions
of theimagesharpnesss recognized.The goodresolving
power obtainedfor the ideal edgedetectoris plausible,as
thescannedriginal wasof excellentquality.

4 CONCLUSIONS AND OUTLOOK

We have developeda procedurdor blindly estimatingthe
pointspreadunction. We defineacontrassensitvity func-
tion. This allows us to derive the resolvingpower as a
function of the PSF, the pixel sizeandthe signalto noise
ratio. The PSFis assumedo be an anisotropicGaussian
function. We estimatethe correspondingcalematrix X
from the local scaleat automaticallyextractededges.We
assumeheimagecontaingnoughredgewwith differentori-
entationswhich resultfrom very sharpedgesn the scene.
Thecontrassensitvity functionwhichis basednanideal
adaptve edgedetectionschemdor straightedgedetween
noisy homogeneousegionsis derived. Experimentson
artificial and real datademonstratehe usefulnesof the
approach.

Themethods restrictedo imageswith asufiicientnumber
of edgesandto GaussiarshapedSFE An extensionto gen-
eral point spreadfunctionsis possibleusingtomographic
techniqueshasedntheRadon-transformatiofcf. (Rosen-
feld andKak, 1982)).
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Figure 8: Aerial imageswith variousimage sharpness.
Top: whole original imagewith imagepatch. Left: image

patchatvariousstepsf sharpnessRight: edgehistogram,

resolvingpower.
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