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ABSTRACT

A comparisonof the accuracy and robustnessof differ-
ent datadriven methodsfor intensity nonuniformity �eld
estimation(backgroundshadingestimation)on simulated
andreal imagesof �uorescencestainedcells is presented.
A novel attempt to reducethe parameterspaceof a B-
splinebasedalgorithmfor shadingestimationusingauto-
maticthresholdingwith a kerneldensityestimatoris tested
and comparedwith exhaustive testingto �nd the optimal
parametervalue.

1. INTRODUCTION

Intensitynonuniformity(INU), alsocommonlyreferredto
asshadingartifact,refersto smoothlocalchangesin theim-
ageintensityintroducedby the dataacquisitiontechnique.
Theimpactof INU onvisualinterpretationof imagesis lim-
ited. It doeshowever affect imagesegmentationmethods
becausemostof themrely, at leastpartly, onabsoluteinten-
sity values.MoreoverINU stronglyaffectsthepossibilityto
useintensityvaluesof thesegmentedimagesasquantitative
measuresin furtherdataprocessing.

Correctionof intensitynonuniformityis typically based
oneitheramultiplicativemodelof theartifact:
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or anadditivemodel:
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where � and � is the observed respectively the true inten-
sity at thespatiallocation � , and 	 is thedistortioncaused
by the INU. If the modelandthe INU �eld is known, the
true imageis easilyobtainedfrom the observed. Onecan
smoothlymove from onemodelto theother. By takingthe
logarithmof theimageintensities: �

����������������� ��������� Eq.1
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������� , i.e.equivalentto theadditive
model.By takingtheexponentof theadditivemodelwecan
similarly movebackto themultiplicativemodel.

Estimationof theINU �eld (oftencalledbias�eld) can
eitherbebasedonspecializedacquisitionprotocolssuchas
imagingof homogeneousphantomsorblack-level imagesin

relationto the ordinaryimagingstep,or be basedon anal-
ysis of the imagedataitself. Whetherit is feasibleto ac-
quireagoodbackgroundimagedirectly in conjunctionwith
the imaging procedureor not is very much dependenton
theimagingenvironment.For examplein MRI, mostof the
INU is causedby propertiesof thesubjectin thescanner[7],
which impliesthat �nding a goodcorrectionimagemaybe
veryhard.

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

Intensitynonuniformityis typically presentin MRI data
andthis seemsto be theareaof imagingandimageanaly-
sis with the richestplethoraof methodsfor estimatingthe
INU �eld. Intensitynonuniformityis however presentalso
in relationto otherareasof imaging. This paperaimsex-
plicitly at theapplicabilityof algorithmsonmicroscopeim-
agesof �uorescencestainedcells. Most methodsdescribed
in relationto MRI datausetheassumptionthattheintensity
insidethedifferentobjectclasses(tissueclasses)arefairly
constant(i.e.whentheINU hasbeenremoved)[1]. In �uo-
rescenceimagesof cells, this is clearlynot thecase,asthe
intensityvariesa lot insidethecells. It is thereforenotclear
that a well functioningINU estimatortaken from the MR
�eld will alsoproducegoodresultson �uorescenceimages
of cells.

Theaim of this paperis to look closerat a setof data-
drivenmethodsfor INU estimation,trying to estimatetheir
robustnessandaccuracy in relationto microscopeimagesof
�uorescencestainedcells.

3D is emerging moreandmorein the �eld of medical
imageanalysis,soalsoin �uorescencemicroscopy imaging,
primary usingconfocaltechniques.All algorithmsin this
paperareeasily(andhave alsobeen)extendedto threeor
moredimensionsbut mostexampleswill be relatingto 2D
data. 2D imagesare easierto visualize,and requireless
computingpower for thevalidationtestings.



2. THE IMA GES OF INTEREST

A sourceof information about the cell which is gaining
more and more in importanceis the detectionand analy-
sisof �uorescenceemittedwhenthecell hasbeenexposed
to �uorescencedyesattachedto somebiologically active
moleculeand is exposedto excitation light. The applica-
tionsarerangingfrom pureresearchof thecell functional-
ity, to cancerresearchandto drug discovery. In all cases
it is desirableto acquirea pureandnoisefree image,to be
ableto segmentandanalyzethecell featurescorrectly. One
importantstepin this processis thecorrectionfor intensity
nonuniformitycausedby theimageacquisitionprocess.

3. THE METHODS

A numberof authorshave proposedspatial�ltering (often
homomorphic�ltering [4]) asa meansto estimatetheINU
�eld [2]. Thesetechniquesincludethestraightforwarduse
of a large mean�ltering of the image,or usingsomeper-
centile�ltering (including the0% percentileto geta mini-
mum�lter). Thedisadvantageof thespatial�ltering meth-
odsis that they in generalrely on the assumptionthat the
frequency spectrumof the INU �eld 	������ and that of the
true image ������� are separable,which is typically not the
case,neitherin MR nor in �uorescenceimages. As such,
spatial�ltering tendto introducesevere,undesirable�lter -
ing artifacts.

Rolling ball algorithmsmay performbetterthanjust a
�at minimum�lter but they have thesameinherentproper-
tiesandcorrespondingproblemsasa minimum�lter (dark
backgroundcase). If the �lter is too small, it will include
the foreground objects. If the �lter is too large, it will
smooththebackground.Also, usingtheextremevaluesas
the rolling ball andminimum �lter approachdoesis noise
sensitive. A betterapproachis to useasmallpercentile,e.g.
the 5% percentile.Unfortunatelythechoiceof an optimal
percentileis dependenton the amountof noisepresentin
theimage.

Anotherapproachis to try to estimatethe background
�eld as a smoothlyvarying function [1]. Many different
functionshavebeenproposedin theliterature,but themost
popular is probably the classof uniform cubic B-spline
functions(seee.g.[5]). CubicB-splinefunctionshavemany
nice properties,they guarantee �! continuity, i.e. they are
alwayssmooth,anddifferentlevelsof �e xibility canbeal-
lowedby varyingthenumberof controlpointsusedfor the
function.Thetaskof �tting aB-splinefunctionto datamay
be formulatedasan ordinaryleastsquaressolution,andis
thus analytically solvable in an ef�cient way, which is of
coursealsoa veryniceproperty.

When discussingthis approachof approximatingthe
INU �eld with afunctionwewill typically referto theback-
groundasa surface,eventhoughall conceptsin this article
areeasily(andhave alsobeen)extendedto 3D, wherethe

surfacebecomesa volume. Alternatively onecanthink of
thevolumecaseas�tting ahyper-surfacein a4D space,this
way thesimilarity with the2D casewill beverydirect.

When�tting a surfaceto the background�eld, the big
problemis to decidewhat is the background.We needto
�nd thesetof pixels " whichbelongsto thebackground,so
thatwe have somethingto �t thesurfaceto. I.e. somesort
of foreground/ backgroundsegmentationis needed.This
segmentationis not trivial, astheINU �eld wewish to esti-
mateis presentandwill sabotagethresholdingattempts.It
is alsovery dif�cult to apply someedgedetectionscheme
whenregardingtheimagesat hand,asnodistinctedgesare
present.On theotherhand,if theINU �eld wasnot there,a
simplethresholdingwould suf�ce. This inevitably leadsto
the following iterative algorithmfor the INU �eld estima-
tion

0. k=0. Make a poor �rst estimateof the true image;
#
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1. Estimatethe backgroundby thresholdingthe esti-
matedimagedata

#

�('������ to get theset "

' . Seebelow
for discussionsaboutthethreshold.

2. Make a leastsquares�t of a uniform B-spline sur-
face(or volume)to thesegmentedbackgroundpixels
(voxels) "

' in theobservedimage������� to get
#
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3. Correcttheimageaccordingto the�tted background
(wehaveusedtheadditivemodel)
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�2143 we are�nished, otherwiseset
57685

�:9 andrepeatfrom stepone.

which closely resemblesthe onedesignedby Gilles et al.
[3].

The convergencecriterium that hasbeenusedin this
study is that the estimatedbackgrounddoesnot change
more than that the root meansquare(rms) of the differ-
encebetweentwo consecutive backgroundestimates

#

	 is
lessthan 3;�<90=>9�?@?%? of theoriginal imagevariation.

Figure1 showsanimagescrosssectionatvariousstages
of thealgorithm.

3.1. How to do the background segmentation

As mentionedbefore,a singlethresholdis supposedto be
suf�cient for thebackgroundsegmentation,asthecorrected
imagewill moreandmoreapproachthecaseof a �at back-
ground.

Gilles et al. [3] suggestthe useof a �x ed threshold A

(two actually)decidedexperimentally. Unfortunately, if we
wish to haveoptimalperformance,this thresholdmustvary
with thenoiselevel of theimage,aswe canseein �gure 2.

By assumingthat the internal variation in the back-
groundroughlyapproximatesanormaldistribution,we can
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Fig. 1: The intensity pro�le acrossone imagewith �tted
background(dashed)after the �rst, secondandfourth (�-
nal) iterationof the backgroundapproximationalgorithm.
At thebottomof eachgraphis indicatedwhich pixelsfrom
theoriginal imagethathave beenusedfor thebackground
�tting in thecurrentstep,i.e. theset BDC .

getafairly noiseindependentthresholdby cuttingthisback-
grounddistributionatsome�x edpercentileto gettheback-
groundset B . The questionof which percentile(or equiv-
alent;how many standarddeviations, E ) oneshouldsetthe
thresholdto, still remainsto besolved. This is extensively
testedin section4.

A wayto getrid of theproblemof subjectively choosing
an appropriatethresholdis to usesomehistogramthresh-
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-
agesstudieddoeshoweverexist andthis methodcanthere-
fore not be usedas a thresholdselector. Another choice
of thresholdsis local maximain the secondderivative of
the intensitydistribution of the image. This seemsto be a
manageableapproachto theproblem,andis thereforetested
in this paper. The intensitydistribution is estimatedwith a
kerneldensityestimator(KDE) with the so called 'rule of
thumb' value for the kernelbandwidth. This is supposed
to bea fairly goodchoiceof bandwidth,asthedistribution
rarelydeviatesmuchfrom thenormaldistributionwhichthe
'ruleof thumb' valueis basedon. [6].
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Fig. 2: Empiricallydeterminedoptimalthresholdfor differ-
entnoiselevels. Theoptimal thresholdis dependenton the
overallnoiselevel of theimage.

3.2. B-splineapproximation

The INU �eld is assumedto be F�G -differentiable(i.e. it is
smoothandwithout sharpedges),which leadsusto theuse
of cubicsplines.Thecontrolpointsof theB-splinearedis-
tributedon a regularmesh.In this papermeshsizesof 4x4
and5x5 have beenusedfor the2D case,and4x4x4for the
3D case.TheB-splinesurface(herein two dimensions)is
writtenas:
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where
B

is thesetof backgroundpixels(voxels)selectedby
thethresholding.

4. TESTING THE METHODS

To validatethe methods,a datasetwith known INU �eld
mustexist. Thedatasetusedin this studyconsistsof com-
putergeneratedsynthetictestimages.Thesyntheticimages
have beendesignedto imitate the looks of the real images
thatweareaimingto correct,but with somesimpli�cations
whichshouldnotaffect theestimationresultswith anything
remotelyneartheinter imagevariations.Finally, themeth-
odshavealsobeenappliedto realtestimages.

4.1. Synthetic images

4.1.1. Thetrue image m

J�`�N

Thetrueimagem

J�`�N is supposedto mimic moreor lessran-
domlydistributed�uorescencelabelledcellsona �at back-
ground.Thecellsaresimulatedaslocalcosinefunctionsof
varyingsizes.



In onedimensionthegeneratingequationbecomes
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to addonecell of width x centeredat theposition u . The
2D and3D versionsaresimply tensorproductsof the 1D
case.

Notethattheredoesnot exist any sharpedgewherethe
cell endsandthebackgroundstarts.This is truein boththe
realsituationaswell asin thesyntheticimages.

4.1.2. Theshadingimage 	������

The shadingimage,representingthe INU to be estimated,
maybeof varyingnature.Assumingthat theshadingorig-
inatesfrom illumination artifactsin the microscope,using
a cosinefunction similar to the one usedto generatethe
cells but of largerscale,seemsto be a goodmodel. Addi-
tionally, varioussloped�elds maymake theshadingimage
morecomplex.

4.1.3. Noiseimage ‚

�����

To produceat leastfairly realistic images,noisehasto be
addedin somesense.RandomGaussiannoiseof varying
amplitudehasbeenthesourceusedin thisstudy.

4.2. Putting the imagesourcestogether

How are the threesources������� , 	������ and ‚

����� mixed to
createtheobservedimage������� ? Thissurelydependsonthe
imagingdevice andthe dataacquisitiontechnique.Which
of theadditiveor themultiplicativemodelsthatappliesbest
on the �uorescenceimagesstudiedmay be debated.One
can argue that thereis a shadingeffect arising from leak
throughin the�lters from theexcitationlight source.Thisis
clearlyanadditivecontribution,which is presentalsowhen
thereis nospecimento observe. But if theexcitationlight is
uneven,this will alsoshow up asa multiplicative effect,as
the �uorescenceis proportionalto the excitation illumina-
tion. Sotheansweris thatneitherof themultiplicative nor
theadditivemodelapplies.

As no perfectsolution to this problemis in sight, we
havesimply resignedto usetheadditivemodel,equation2.
Knowing that this is not the correctmodel,we must think
of what implicationsthis hasfor our study. If we design
the testingso that the main goal is to estimatethe back-
ground�eld 	������ andnot to apply thecorrectionto getthe
true image ������� , the choiceof model will not be crucial.
Yes, it doesaffect the estimationof 	%����� aswell, but to a
lesserextent. The real correctionis dependenton the spe-
ci�c imagingsetupto suchextent that it is very dif�cult to

draw generalconclusionaboutit. Thereforewe will not go
furtherthanto theestimationandevaluationof theINU �eld
in thispaper.

Noiseis of coursealsoneitheradditive nor multiplica-
tive, but rathera strangeunknown function. A function
which we hereinsult gravely by modelingit with a simple
mixtureof additiveandmultiplicativeGaussiannoise.

Summarizingthis givesthe�nal imagemodel
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wherethe constantsƒ and † arevariedto createdifferent
noisesituations.

5. TESTING THE ALGORITHMS

5.1. Err or measure

To validatethedifferentmethods,andto relatethemto each
other, anerrormeasureis needed.We have chosento both
look at therootmeansquarevalueof thedifferencebetween
theestimatedshading

#

	������ andthetrue 	������ aswell asthe
maximumdifferencebetweenthetwo.
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š

is thewholeimage.

5.2. The differ ent test cases

Thedifferentmethodstestedare

1. Homomorphic�ltering using mean,5% percentile,
10% percentile,andmedian�lters of sizes15,31,63
and127pixels.

2. IterativecubicB-spline�tting with 4x4resp.5x5con-
trol points.Thethresholdis 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.Thethresholdis setto the�rst localmax-
imum in the secondderivative of the kerneldensity
estimateof thecorrectedimage

#

�(' in eachstep.

The imagesusedto createthe test imagescanbe seen
in �gures 3 and4. In all thesynthetictestcases,Gaussian
additivenoiseof standarddeviations0, 1, 2, 4, 8, 16,32and
64 have beenapplied. Two examplesof syntheticimages
canbeseenin �gure 5.

The iterative B-spline �tting algorithmshasalso been
testedonrealimagedataof two types.Thesearethetypeof



0

10

20

30

40

50

60

70

80

90

100

50 100 150 200 250

50

100

150

200

250

20

40

60

80

100

120

50 100 150 200 250

50

100

150

200

250

0

20

40

60

80

100

120

140

160

50 100 150 200 250

50

100

150

200

250

Fig. 3: The threedifferent256x256pixels synthetic' true'
images( ������� ) testedare60smallcosineobjectsof intensity
100(top),200smallcosineobjectsof intensity100(middle)
and60 largercosineobjectsof intensity100(bottom).

imagesthatweaimto mimic with thesynthetictestimages.
As they arefrom realsituations,noknown groundtruth ex-
ists for themandthereforeno objective resultscanbeplot-
ted in relationto them. Subjective analysisis of courseal-
wayspossible.

The�rst realdatasetconsistsof 2D �uorescenceimages
of cellscultivatedon microscopeslides.Thebackgroundis
very controlledin this situationand the iterative B-spline
�tting methodperformsexcellent, both when using KDE
estimationof thebackground,andwhenusinga presetfac-
tor of the standarddeviation as a threshold. An example
imagefrom this datasetcanbeseenin �gure 10.

Thesecondrealdatasetconsistsof avolumeimagecre-
atedby optical sectioningthrougha �uorescencestained
sliceof a cervix tumor. Auto�uorescence,i.e.naturaltissue
�uorescence,givesriseto backgroundvariation.Thus,there
aretwo kindsof backgroundvariationpresentin theimage;
thebackgroundvariationcausedby theimagingsystemand
thebackgroundcausedby theauto�uorescence.This gives
the algorithmsa more problematicsituation,and using a
two stepapproximationis probablya goodsolution. Work
on this caseis in progress. A slice throughoneexample
imagefrom this datasetcanbeseenin �g. 6.
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5.3. Results

Figure7 plots the performancefor homomorphic�ltering
usingtheoptimal�lter sizefor eachof thethreetestimages
with the strongcosinebackground.The optimal �lter size
hasin eachcasebeenselectedas the bestperforming�l-
ter sizewhenwe performexhaustivetestingandcomparing
theresultwith thehereknown truesolution.Themeanand
median�lters arenot well suitedfor theasymmetricprob-
lem andperformsvery poorly in the low noisecase.They
arefairly insensitive to noisethough,asopposedto the5%
andthe10%percentile�lters, whichfailsseverelywhenthe
noiselevel increases.Theoptimal�lter sizevarieswith the
sizeof objects,andthesmallpercentile�lters usuallyhave
the peakin their optimumat a smallersize. Table1 sum-
marizestheoptimal �lter sizes.A small tendency towards
larger�lter sizesfor highernoiselevelsis alsopresent.
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Fig. 7: The rms error valuesfor the homomorphic�lter -
ing at theoptimal�lter sizefor differentnoisesituationson
imagewith; 60 smallobjects(top),200smallobjects(mid-
dle)and60 largerobjects(bottom)onastrongcosineback-
groundfor; mean�lter (solid line), 5% percentile(dashed),
10%percentile(crossed)andmedian�lter (dash-dotted).

Figure8 plotstheperformanceatdifferentthresholdlev-
els for the threetest imageswith the strongcosineback-
ground,usingtheiterative B-spline�tting algorithmwith a

Table 1: Optimal �lter sizesselectedfrom theset3, 7, 15,
31,63,127and255pixels.

Image mean 5% 10% median
60smallobjects 63 15 15 31
(diam.ca20pixels)
200smallobjects 63 15 31 63
60 largerobjects 63 63 63 31
(diam.ca80pixels)

4x4 controlpointmesh.
The methodworks well in the caseof the smallerob-

jects,but not at all sowell on themuchmoredif�cult large
objectimage.Theoptimalvaluefor thethresholdvariesbe-
tween £%¤ ¥�¦)§ and £@¤ ¨�¦Y§ . Thenumberof iterationsrequired
for convergenceof theestimationvariesbetween2 and40,
but usuallystaysbelow 15.

Comparing the kernel density estimate thresholding
with theoptimal thresholdvalue(�gure 9) revealstheesti-
mateto bequitecloseto theoptimum,andevenperforming
betterthanany possiblechoiceof a �x ed thresholdin the
200 objectcase.In the largeobjectcaseit doesnot really
�nd a goodsolutionin themoderatelynoisysituations,and
is thereoutperformedby theoptimalthresholdsettings.

Similar resultsareacquiredfor the mixed background
situation (not shown). Using a spline meshof 5x5 con-
trol pointsinsteadof 4x4changestheestimationswith very
small numbers. Using even �ner meshesis not recom-
mendedasthey will tendto modeltheforegroundvariations
also.

Wehavechosenonly to plot rmsvaluesin theevaluation
graphs.It is of coursealsointerestingto look at themaxi-
mumerrorvaluesof theestimations.As paperspaceis lim-
ited, andthe maximumerrorsarewell correlatedwith the
rmsvaluesanddonotshow any signi�cant additionalinfor-
mation,nographsof thesevaluesareshown. Themaximum
error valuesareusuallyabouttwice as large as the corre-
spondingrms valuesfor the B-splineapproachandsome-
wherebetweentwo andfour timesthe correspondingrms
valuesfor the�ltering approach.



1
2

3
4

0
20

40
60
0

5

10

Threshold / sigmaNoise level

RM
S

1 2 3 4
0

50

0

5

10

15

20

25

Threshold / sigma
Noise level

RM
S

0 1 2 3
0

50

0

20

40

60

80

Threshold / sigmaNoise level

RM
S

Fig. 8: Thermserrorvaluesfor theiterativeB-spline�tting
algorithm,plottedagainstdifferentthresholdsandnoisesit-
uationsfor; 60 smallobjects(top),200smallobjects(mid-
dle)and60 largerobjects(bottom)onastrongcosineback-
ground.

6. CONCLUSIONS

In comparinghomomorphic�ltering with iterativeB-spline
�tting for estimationof shadingartifactsin �uorescenceim-
ages,theB-splineestimateoutperformedthespatial�ltering
in all but one case(noiselevel 32 in the large object im-
age).This canmosteasilybeseenwhencomparing�gures
7 and9. Using a kerneldensityestimatetechniqueto �nd
the thresholdneededin the B-spline estimationalgorithm
seemsto be a fairly goodchoice. It is not alwaysoptimal,
but in generalnot far behindthe optimal thresholdchoice
andsometimeseven outperformingit. Note that the opti-
malchoiceof thresholdis foundby exhaustivesearchof all
thresholds,andthebestsolutionis selectedvia comparison
with the groundtruth image. This is of coursenot possi-
ble to do in a realsituation,asit requiresthesolutionto be
known.
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Fig. 9: Thermserrorvaluesfor thebestperformingthresh-
old values(solid lines) togetherwith the result using the
kerneldensityestimatethresholdingscheme(dashed)for;
60 small objects(top), 200 small objects(middle) and60
largerobjects(bottom)onastrongcosinebackground.Note
thesuperoptimalbehavior for theKDE estimatein the200
object image,i.e. the KDE thresholdingschemeperforms
better than any �x ed thresholdvalue. This is possibleas
theKDE versionmayselectdifferentthresholdsin different
iterationsof theINU estimationalgorithm.
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Fig. 10: Realimageexamplewith �tted background.Orig-
inal image beforebackgroundcorrection(top), the �tted
spline surfaceof the background(middle) and the image
afterbackgroundsubtraction(bottom).
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