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ABSTRACT

A comparisonof the accuray and robustnessof differ-
ent datadriven methodsfor intensity nonuniformity eld
estimation(backgroundshadingestimation)on simulated

andrealimagesof uorescencestainedcells is presented.

A novel attemptto reducethe parameterspaceof a B-
spline basedalgorithmfor shadingestimationusing auto-
maticthresholdingwith a kerneldensityestimatoris tested
and comparedwith exhaustve testingto nd the optimal
parametewalue.

1. INTRODUCTION

Intensity nonuniformity (INU), alsocommonlyreferredto
asshadingartifact,refersto smoothlocalchangesn theim-
ageintensityintroducedby the dataacquisitiontechnique.
Theimpactof INU onvisualinterpretatiorof imageds lim-
ited. It doeshowever affectimage segmentationmethods
becausenostof themrely, atleastpartly, on absolutenten-
sity values.MoreoverINU stronglyaffectsthepossibilityto
useintensityvaluesof thesggmentedmagesasquantitatve
measure furtherdataprocessing.

Correctionof intensitynonuniformityis typically based
on eitheramultiplicative modelof the artifact:

(1)

or anadditive model:

(@)

where and is the obsened respectiely the true inten-
sity atthe spatiallocation , and is thedistortioncaused
by the INU. If the modelandthe INU eld is known, the
true imageis easily obtainedfrom the obsened. Onecan
smoothlymove from onemodelto the other By takingthe
logarithmof theimageintensities: Eq.1
becomes , i.e. equivalentto theadditive
model.By takingtheexponentof theadditive modelwe can
similarly move backto the multiplicative model.
Estimationof theINU eld (oftencalledbias eld) can
eitherbe basedn specializedacquisitionprotocolssuchas
imagingof homogeneoughantomsr black-levelimagesn

relationto the ordinaryimagingstep,or be basedon anal-
ysis of the imagedataitself. Whetherit is feasibleto ac-
quireagoodbackgroundmagedirectlyin conjunctionwith
the imaging procedureor not is very much dependenbn
theimagingervironment.For examplein MRI, mostof the
INU is causedy propertief thesubjecin thescannef7],
whichimpliesthat nding a goodcorrectionimagemaybe
very hard.

Data-drivenapproacheareusuallysimplerfrom aprac-
tical viewpoint, but may however introduceartifactsif the
algorithm usedcannotreliably solve the estimationprob-
lem.

Intensitynonuniformityis typically presentn MRI data
andthis seemdo be the areaof imagingandimageanaly-
sis with the richestplethoraof methodsfor estimatingthe
INU eld. Intensitynonuniformityis however presenialso
in relationto otherareasof imaging. This paperaims ex-
plicitly attheapplicability of algorithmson microscopem-
agesof uorescencestainedcells. Most methodsdescribed
in relationto MRI datausetheassumptiorthattheintensity
insidethe differentobjectclassegtissueclassesprefairly
constan{i.e.whentheINU hasbeenremoved)[1]. In uo-
rescencémagesof cells, this is clearly not the caseasthe
intensityvariesalot insidethecells. It is thereforenot clear
that a well functioningINU estimatortaken from the MR
eld will alsoproducegoodresultson uorescenceimages
of cells.

The aim of this paperis to look closerat a setof data-
drivenmethoddor INU estimationtrying to estimatetheir
robustnes&ndaccurag in relationto microscopemagesof

uorescencestainedcells.

3D is emeging moreand morein the eld of medical
imageanalysissoalsoin uorescencemicroscopy imaging,
primary using confocaltechniques.All algorithmsin this
paperare easily (and have alsobeen)extendedto threeor
moredimensiongut mostexampleswill berelatingto 2D
data. 2D imagesare easierto visualize, and requireless
computingpower for the validationtestings.



2. THE IMA GES OF INTEREST

A sourceof information aboutthe cell which is gaining
more and more in importanceis the detectionand analy-
sisof uorescenceemittedwhenthe cell hasbeenexposed
to uorescencedyesattachedto somebiologically active
moleculeandis exposedto excitation light. The applica-
tionsarerangingfrom pureresearchof the cell functional-
ity, to cancerresearchandto drug discovery. In all cases
it is desirableto acquirea pureandnoisefreeimage,to be
ableto sgmentandanalyzethe cell featurescorrectly One
importantstepin this procesds the correctionfor intensity
nonuniformitycausedy theimageacquisitionprocess.

3. THE METHODS

A numberof authorshave proposedspatial Itering (often
homomorphicltering [4]) asa meando estimatethe INU
eld [2]. Thesetechniguesncludethe straightforvard use
of a large mean ltering of the image,or usingsomeper
centile Itering (includingthe 0% percentileto geta mini-
mum lter). Thedisadwantageof the spatial Itering meth-
odsis thatthey in generalrely on the assumptiorthat the
frequeng spectrumof the INU eld andthat of the
true image are separablewhich is typically not the
case,neitherin MR norin uorescenceimages. As such,
spatial Itering tendto introducesevere,undesirablelter -
ing artifacts.

Rolling ball algorithmsmay performbetterthanjust a
at minimum lter but they have the sameinherentproper
tiesandcorrespondingroblemsasa minimum lter (dark
backgroundcase). If the Iter is too small, it will include
the foreground objects. If the Iter is too large, it will
smooththe background.Also, usingthe extremevaluesas
therolling ball andminimum lter approachdoesis noise
sensitve. A betterapproachs to useasmallpercentileg.g.
the 5% percentile. Unfortunatelythe choiceof an optimal
percentileis dependenbn the amountof noisepresentin
theimage.

Anotherapproachis to try to estimatethe background
eld asa smoothlyvarying function [1]. Many different
functionshave beenproposedn theliterature,but the most
popularis probably the classof uniform cubic B-spline
functions(seee.g.[5]). CubicB-splinefunctionshavemary
nice propertiesthey guarantee continuity, i.e. they are
alwayssmooth,anddifferentlevelsof e xibility canbeal-
lowed by varyingthe numberof control pointsusedfor the
function. Thetaskof tting aB-splinefunctionto datamay
be formulatedasan ordinaryleastsquaresolution,andis
thus analytically solvable in an ef cient way, which is of
coursealsoavery niceproperty

When discussingthis approachof approximatingthe
INU eld with afunctionwewill typically referto theback-
groundasa surface,eventhoughall conceptsn this article
are easily (and have alsobeen)extendedto 3D, wherethe

surfacebecomesa volume. Alternatively one canthink of
thevolumecaseas tting ahypersurfacein a4D spacethis
way the similarity with the 2D casewill beverydirect.

When tting a surfaceto the backgroundeld, the big
problemis to decidewhat is the background.We needto
nd thesetof pixels whichbelongso thebackgroundso
thatwe have somethingto t the surfaceto. I.e. somesort
of foreground/ backgroundsegmentationis needed.This
segmentationis nottrivial, astheINU eld we wishto esti-
mateis presentandwill sabotagehresholdingattempts.It
is alsovery dif cult to apply someedgedetectionscheme
whenregardingtheimagesathand,asno distinctedgesare
presentOntheotherhand,if theINU eld wasnotthere,a
simplethresholdingwvould sufce. This inevitably leadsto
the following iterative algorithmfor the INU eld estima-
tion

0. k=0. Make a poor rst estimateof the true image;

1. Estimatethe backgroundby thresholdingthe esti-
matedimagedata to gettheset . Seebelow
for discussionsboutthethreshold.

2. Make a leastsquarest of a uniform B-spline sur
face(or volume)to the segmentedbackgroundpixels
(voxels) intheobseredimage to get

3. Correcttheimageaccordingto the tted background
(we have usedtheadditive model)

4. If rms we are nished, otherwiseset

andrepeatrom stepone.

which closelyresembleghe one designedby Gilles et al.
[3].

The corvergencecriterium that has beenusedin this
study is that the estimatedbackgrounddoesnot change
more than that the root meansquare(rms) of the differ-
encebetweentwo consecutie backgroundestimates is
lessthan of theoriginalimagevariation.

Figurel shavsanimagescrosssectionatvariousstages
of thealgorithm.

3.1. How to do the background segmentation

As mentionedbefore,a singlethresholdis supposedo be
sufcient for thebackgroundeggmentationasthecorrected
imagewill moreandmoreapproactthecaseof a at back-
ground.

Gilles et al. [3] suggestthe useof a x ed threshold
(two actually)decidedexperimentally Unfortunatelyif we
wish to have optimal performancethis thresholdnustvary
with the noiselevel of theimage,aswe canseein gure 2.

By assumingthat the internal variation in the back-
groundroughlyapproximates normaldistribution, we can
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Fig. 1. Theintensity pro le acrossoneimagewith tted
backgrounddashed)fter the rst, secondandfourth ( -
nal) iteration of the backgroundapproximationalgorithm.
At the bottomof eachgraphis indicatedwhich pixelsfrom
the original imagethat have beenusedfor the background
tting in thecurrentstep,i.e.theset

getafairly noiseindependenthresholdoy cuttingthisback-
grounddistributionatsome x edpercentileto gettheback-
groundset . Thequestionof which percentile(or equi-
alent;how mary standarddeviations, ) oneshouldsetthe
thresholdto, still remainsto be solved. This is extensiely
testedn sectiord.

A wayto getrid of the problemof subjectvely choosing
an appropriatethresholdis to use somehistogramthresh-
olding schemeto objectively nd a suitablesegmentation
threshold. The mostpopularhistogramthresholdingtech-
nique is to look for a minimum in the distribution. In
general,no local minimum in the histogramsof the im-
agesstudieddoeshawever exist andthis methodcanthere-
fore not be usedas a thresholdselector Another choice
of thresholdsis local maximain the secondderivative of
the intensity distribution of the image. This seemdo be a
manageablapproacho the problem,andis thereforetested
in this paper Theintensitydistribution is estimatedvith a
kerneldensityestimator(KDE) with the so called'rule of
thumb' value for the kernelbandwidth. This is supposed
to be afairly goodchoiceof bandwidth,asthe distribution
rarelydeviatesmuchfrom the normaldistributionwhichthe
"rule of thumb' valueis basedon. [6].
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Fig. 2: Empirically determinedptimalthresholdfor differ-
entnoiselevels. The optimal thresholds dependenbn the
overall noiselevel of theimage.

3.2. B-spline approximation

TheINU eld is assumedo be -differentiable(i.e. it is
smoothandwithout sharpedges)which leadsusto the use
of cubicsplines.The control pointsof the B-splinearedis-
tributedon a regular mesh.In this papermeshsizesof 4x4
and5x5 have beenusedfor the 2D case and4x4x4 for the
3D case.The B-splinesurface(herein two dimensions)s
written as:

®3)

where and is the numberof control pointsin the
and directionsand  arethecontrolpoints. The control
pointsarechoserto minimizetheleast-squaresquation:

(4)

where isthesetof backgroungixels(voxels)selectedy
thethresholding.

4. TESTING THE METHODS

To validatethe methods,a datasetwith known INU eld
mustexist. The datasetisedin this studyconsistsof com-
putergeneratedynthetictestimages.Thesyntheticimages
have beendesignedo imitate the looks of the realimages
thatwe areaimingto correct,but with somesimpli cations
which shouldnot affectthe estimatiorresultswith anything
remotelyneartheinterimagevariations.Finally, the meth-
odshave alsobeenappliedto realtestimages.

4.1. Syntheticimages

4.1.1. Thetrueimage

Thetrueimage is supposedo mimic moreor lessran-
domly distributed uorescencdabelledcellsona at back-
ground.Thecellsaresimulatedaslocal cosinefunctionsof
varyingsizes.



In onedimensionthe generatingequatiorbecomes

(5)
(6)
otherwise
to addonecell of width  centeredat the position . The

2D and 3D versionsare simply tensorproductsof the 1D
case.

Notethattheredoesnot exist ary sharpedgewherethe
cell endsandthebackgroundstarts.This is truein boththe
realsituationaswell asin the syntheticimages.

4.1.2. Theshadingimage

The shadingimage,representindhe INU to be estimated,
may be of varying nature.Assumingthatthe shadingorig-
inatesfrom illumination artifactsin the microscopeusing
a cosinefunction similar to the one usedto generatethe
cells but of larger scale,seemso be a goodmodel. Addi-
tionally, varioussloped elds may make the shadingmage
morecomplex.

4.1.3. Noiseimage

To produceat leastfairly realisticimages,noisehasto be
addedin somesense.RandomGaussiamoiseof varying
amplitudehasbeenthe sourceusedin this study

4.2. Putting the image sourcestogether

How arethe threesources and mixed to
createheobsenedimage  ? Thissurelydepend®nthe
imagingdevice andthe dataacquisitiontechnique.Which
of theadditive or the multiplicative modelsthatappliesbest
on the uorescenceimagesstudiedmay be debated.One
can argue that thereis a shadingeffect arising from leak
throughin the Iters from theexcitationlight source Thisis
clearlyanadditive contribution, whichis presentlsowhen
thereis nospecimenio obsene. Butif theexcitationlight is
uneven,this will alsoshav up asa multiplicative effect, as
the uorescenceis proportionalto the excitation illumina-
tion. Sothe answeris that neitherof the multiplicative nor
theadditive modelapplies.

As no perfectsolutionto this problemis in sight, we
have simply resignedo usethe additive model,equation?.
Knowing thatthis is not the correctmodel, we mustthink
of whatimplicationsthis hasfor our study If we design
the testing so that the main goal is to estimatethe back-
ground eld andnotto applythe correctionto getthe
true image , the choiceof modelwill not be crucial.
Yes, it doesaffect the estimationof aswell, but to a
lesserextent. Thereal correctionis dependenbn the spe-
ci ¢ imagingsetupto suchextentthatit is very dif cult to

draw generakonclusionaboutit. Thereforewe will notgo
furtherthanto theestimatiorandevaluationof theINU eld
in this paper

Noiseis of coursealsoneitheradditive nor multiplica-
tive, but rathera strangeunknown function. A function
which we hereinsult gravely by modelingit with a simple
mixture of additve andmultiplicative Gaussiamoise.

Summarizinghis givesthe nal imagemodel

(7)
wherethe constants and arevariedto createdifferent

noisesituations.

5. TESTING THE ALGORITHMS

5.1. Error measur

To validatethedifferentmethodsandto relatethemto each
other, an errormeasuras needed.We have chosento both
look attherootmeansquarevalueof thedifferencebetween

the estimatedshading andthetrue aswell asthe
maximumdifferencebetweerthe two.
(8)
9)

is thewholeimage.

5.2. The differ enttestcases

Thedifferentmethodgestedare

1. Homomorphic Itering using mean,5% percentile,
10% percentile,and median Iters of sizes15,31,63
and127 pixels.

2. lterativecubicB-spline tting with 4x4resp.5x5con-
trol points. Thethresholds setto 1.0,1.2,1.4,...4.0
times the standarddeviation of the estimatedback-
groundin eachstep

3. IterativecubicB-spline tting with 4x4resp.5x5con-
trol points. Thethresholds setto the rst local max-
imum in the secondderivative of the kernel density
estimateof thecorrectedmage in eachstep.

The imagesusedto createthe testimagescanbe seen
in gures 3 and4. In all the synthetictestcasesGaussian
additive noiseof standardleviations0, 1, 2,4, 8, 16,32and
64 have beenapplied. Two examplesof syntheticimages
canbeseenn gure 5.

The iterative B-spline tting algorithmshasalso been
testedonrealimagedataof two types.Thesearethetype of



Fig. 3: Thethreedifferent256x256pixels synthetic'true'
imageq ) testedare60smallcosineobjectsof intensity
100(top),200smallcosineobjectsof intensity100(middle)
and60 larger cosineobjectsof intensity 100 (bottom).

imageshatwe aimto mimic with thesynthetictestimages.
As they arefrom realsituationsno known groundtruth ex-

ists for themandthereforeno objective resultscanbe plot-

tedin relationto them. Subjectve analysisis of courseal-

wayspossible.

The rst realdatasetconsist®of 2D uorescencamages
of cellscultivatedon microscopsslides.Thebackgrounds
very controlledin this situationand the iterative B-spline
tting methodperformsexcellent, both when using KDE
estimationof the backgroundandwhenusinga preseffac-
tor of the standarddeviation as a threshold. An example
imagefrom this datasetcanbeseenin gure 10.

Thesecondealdatasetconsistof avolumeimagecre-
ated by optical sectioningthrougha uorescencestained
slice of acervixtumor. Auto uorescencej.e. naturaltissue

uorescencegivesriseto backgroundariation. Thus,there

aretwo kinds of backgroundrariationpresenin theimage;
thebackgroundrariationcausedy theimagingsystemand
the backgroundctausedy the auto uorescenceThis gives
the algorithmsa more problematicsituation, and using a
two stepapproximatioris probablya goodsolution. Work
on this caseis in progress. A slice throughone example
imagefrom this datasetcanbeseenin g. 6.

Fig. 4: The different shadingimages( ) addedare
strong additive cosinebackgroundof intensity 100 (top),
lessprominentcosinebackgrouncdf intensity 30 addedto
abright cornerimageof intensity30 (bottom).

Fig. 5: Two examplesof obsened ( ) images.60 small
objectsonstrongcosinebackgroundvith N(0,8) noise(top)
and 60 large objectson mixed backgroundwith N(0,32)
noise(bottom).

Fig. 6: Oneslice of a 3D imagevolumeof which the algo-
rithmshave beentestedon.



5.3. Results

Figure 7 plots the performancefor homomorphic ltering
usingtheoptimal lter sizefor eachof thethreetestimages
with the strongcosinebackground.The optimal Iter size
hasin eachcasebeenselectedasthe bestperforming I-
ter sizewhenwe performexhaustve testingandcomparing
theresultwith the hereknown true solution. The meanand
median Iters arenotwell suitedfor the asymmetrigprob-
lem andperformsvery poorly in the low noisecase.They
arefairly insensitve to noisethough,asopposedo the 5%
andthe10%percentilelters, whichfails severelywhenthe
noiselevel increasesTheoptimal lter sizevarieswith the
sizeof objects,andthe small percentilelters usuallyhave
the peakin their optimumat a smallersize. Table 1 sum-
marizesthe optimal Iter sizes. A smalltendeng towards
larger Iter sizesfor highernoiselevelsis alsopresent.
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Fig. 7. The rms error valuesfor the homomorphic Iter -

ing attheoptimal lter sizefor differentnoisesituationson

imagewith; 60 smallobjects(top), 200 smallobjects(mid-

dle) and60 largerobjects(bottom)on a strongcosineback-
groundfor; meanlter (solidline), 5% percentile(dashed),
10% percentile(crossedpndmedian Iter (dash-dotted).

Figure8 plotstheperformancatdifferentthresholdev-
els for the threetestimageswith the strongcosineback-
ground,usingtheiterative B-spline tting algorithmwith a

Table 1. Optimal lter sizesselectedrom the set3, 7, 15,
31,63,127and255pixels.

Image mean| 5% | 10% | median
60 smallobjects 63 15 | 15 31
(diam. ca 20 pixels)
200smallobjects 63 15 | 31 63
60 largerobjects 63 63 | 63 31
(diam.ca80 pixels)

4x4 controlpointmesh.

The methodworks well in the caseof the smallerob-
jects,but not atall sowell onthe muchmoredif cult large
objectimage.Theoptimalvaluefor thethresholdvariesbe-
tween and . Thenumberof iterationsrequired
for cornvergenceof the estimationvariesbetween? and40,
but usuallystaysbelow 15.

Comparing the kernel density estimate thresholding
with the optimalthresholdvalue ( gure 9) revealsthe esti-
mateto be quitecloseto the optimum,andevenperforming
betterthanany possiblechoiceof a x edthresholdin the
200 objectcase.In the large objectcaseit doesnot really

nd agoodsolutionin the moderatelynoisysituations and
is thereoutperformedy the optimalthresholdsettings.

Similar resultsare acquiredfor the mixed background
situation (not showvn). Using a spline meshof 5x5 con-
trol pointsinsteadof 4x4 changeghe estimationswvith very
small numbers. Using even ner meshesis not recom-
mendedasthey will tendto modeltheforegroundvariations
also.

We have choseronly to plot rmsvaluesin theevaluation
graphs.lt is of coursealsointerestingto look at the maxi-
mumerrorvaluesof theestimationsAs paperspacss lim-
ited, andthe maximumerrorsarewell correlatedwith the
rmsvaluesanddo notshaw ary signi cant additionalinfor-
mation,nographsof thesevaluesareshovn. Themaximum
error valuesare usually abouttwice as large asthe corre-
spondingrms valuesfor the B-spline approachand some-
wherebetweentwo andfour timesthe correspondingms
valuesfor the Itering approach.
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Fig. 8: Thermserrorvaluesfor theiterative B-spline tting
algorithm,plottedagainstifferentthresholdsandnoisesit-
uationsfor; 60 small objects(top), 200 small objects(mid-
dle) and60 largerobjects(bottom)on a strongcosineback-
ground.

6. CONCLUSIONS

In comparinghomomorphicltering with iterative B-spline
tting for estimatiorof shadingartifactsin uorescencem-
agestheB-splineestimateoutperformedhespatial ltering
in all but one case(noiselevel 32 in the large objectim-
age).This canmosteasilybe seenwhencomparing gures
7 and9. Using a kerneldensityestimatetechniqueto nd
the thresholdneededn the B-spline estimationalgorithm
seemdo be a fairly goodchoice. It is not alwaysoptimal,
but in generalnot far behindthe optimal thresholdchoice
and sometimesaven outperformingit. Note that the opti-
mal choiceof thresholds foundby exhaustve searchof all
thresholdsandthe bestsolutionis selectedria comparison
with the groundtruth image. This is of coursenot possi-
ble to doin arealsituation,asit requiresthe solutionto be
known.

Fig. 9: Thermserrorvaluesfor thebestperformingthresh-
old values(solid lines) togetherwith the result using the
kernel density estimatethresholdingscheme(dashedor;

60 small objects(top), 200 small objects(middle) and 60
largerobjects(bottom)onastrongcosinebackgroundNote
the superoptimalbehaior for the KDE estimatan the 200
objectimage,i.e. the KDE thresholdingschemeperforms
betterthanary x ed thresholdvalue. This is possibleas
theKDE versionmayselectdifferentthresholdsn different
iterationsof theINU estimationalgorithm.
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Fig. 10: Realimageexamplewith tted backgroundOrig-
inal image before backgroundcorrection (top), the tted
spline surface of the background(middle) and the image
afterbackgroundsubtractionbottom).
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