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Database

Thedatabaseusedin theexperimentsis shown in tab.1 and2. This databasewas
double-checkedby theexpert(6 August2004).

folder images
*010403 195
022203 19
022303 10
022403 15
030310 22
030311 80
*032102 115

*0423040-12 100
*042802 180
091903 30
120102 44
120202 8
*122902 158

*ChinElm 216
TrialPollen 71

TOTAL 1429

Table1: Pollendatabase:list of foldersandimagesin eachfolder. The* denotes
thenew availabledatain additionto theold database(March04).
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genus number of samples
alder 416
ash 329

asterac. 6
birch 4

camplor 9
chenopod 32
chin. elm 522
c. myrtle 3
cypress 46
eucal. 30
ginkgo 3

jacaranda 282
liq. amber 44
mulberry 111

oak 413
olive 326
palm 39
pecan 4
pine 705

planet. 10
poplar 7

sycamore 33
walnut 36

unknown 263
pistach. 0
plantain 0

elm 1
rumex 1

umbellif. 4
grass 19

TOTAL 3686

Table2: List of pollenparticlesfoundin theimagesof tab.1. In bold characters,
wehighlight thespecieswith morethan100samples.
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Detection: outline

Thesystemis basedonafiltering approachandits outlineis shown in fig. 1 and2.
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Figure1: Outlineof particledetector. Patchesof interestarefoundby asystemusingtwo
differentfrequencies(the light blue boxesthataredescribedin fig. 2). Patchescoming
from thesetwosystemsareretainedonly if they passatestonoverlapandatestonaverage
brightness(boxeswith redborder).For example,if two patchesaretoomuchoverlapped
we keeponly onepatch. If theaveragebrightnessof pixels falling insidethebox is too
high,wediscardthispatchbecausepollenparticleshavealwayssometexture.Theoutput
is a setof patchesthatwill begiven to theclassifier. In theexample,theblueboxesare
pollengrains,thegreenonesarefalsealarms.

The input imageis convertedin gray level values. It is blurredandsampled
at two differentfrequencies,

���
and

���
. In orderto avoid artifactsnearthe im-

ageborder, we normalizethebackgroundbrightnessto zero1. We apply to both

1Theestimateof thebackgroundbrightnessis iterative andit is basedon computationof the
histogrampeakof all theimagepixel values.
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Figure2: Zoomof thelight blueboxesshown in fig. 1. Theinput image(afterconversion
to graylevel values)is blurredandsampledat a certainfrequency. Then,we look for the
maximaof the differenceof Gaussians(DoG) image. Thesemaximaareour initial set
of interestpoints. Then,we discardpointstoo closeto the imageborder. After that,we
automaticallycomputeaboundingboxaroundeachinterestpoint. Finally, wediscardthe
patcheswhoseaveragesideis toosmall.Theoutputis asetof patchesthatmight contain
pollengrains.
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sampledimagesafiltering stage:for eachsuchimagewecomputeadifferenceof
Gaussians.A setof interestpointsis extractedlooking at theextremaof thetwo
previously foundimages.Then,we discardpointsthataretoo closeto theimage
borderandfor theremainingoneswe find a properboundingbox. After remov-
ing thosepatchesthataretoo small,too muchoverlappedwith otherpatchesand
patcheswhoseaveragebrightnessis too high,we havea setof patchesthatmight
containaparticleof interestandthen,thesepatcheswill begivento theclassifier.
In thefollowing subsections,wewill explain in somedetailsthekey pointsof the
system.

The differ enceof Gaussiansimage

Given a properly blurred and sampledimage,we blur the imagetwice with a
Gaussiankernel. Thedifferenceof Gaussians(DoG) imageis thedifferencebe-
tweentheoutputsof thetwo filters.
In fig. 3, weshow theplotsof Gaussiankernelanddifferenceof Gaussian(DoG)
kernelandtheir DFT in the1-D case.
Thegoalof thesamplingstageis to makethesmallestpollenappearalittle blobof
few pixels. This automaticallyremovesdustparticlessmallerthanpollengrains
andreducestheamountof computation.With a properchoiceof thevarianceof
the Gaussiankernel � , the output imagewill have a peakin correspondenceof
roundshapedobjectswith a certainsize. Fig. 4 shows a syntheticexamplein
which two filters with DoG kernelshaving different � areappliedto an image.
When � is low, theoutputimagehasanarrow peakin correspondenceof thelittle
blob of the input image. When � is high, the peakis in correspondenceof the
largestblob. Thevarianceof theGaussiankernelallows to selectthesizeof the
interestobjects.
In order to detecthow gooda point of extremumis in the output image,we fit
aroundit a paraboloid.Thevertex of this paraboloidgivestheexact positionof
the interestpoint andits curvatureis a measureof its quality. If this valueis too
low then,it is likely thatthisextremumis generatedby astripshapedobjector by
anobjectthatis smallerthantheonewearelooking for. If this valueis high then
theobjectin thatpositionis roundandit hasasizethatfits thesizeof our target.

Bounding box determination

Thealgorithmto determineaboundingboxgivenaninterestpoint is verystraight-
forward. Its pseudo-codeis given in fig. 5 andin fig. 6 we show anexampleof
applicationof this algorithm.
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Figure3: First row: basickernels,namelyGaussiankernelandtheequivalentkernelof
thewholesystem.Secondrow: DFT of previouskernels.

Input image

20 40 60 80 100

10

20

30

40

50

60

70

80

90

100

DoG image, σ=1

20 40 60 80 100

10

20

30

40

50

60

70

80

90

100

DoG image, σ=11

20 40 60 80 100

10

20

30

40

50

60

70

80

90

100

Figure4: Thisexampleshows how thechoiceof scale� is relatedwith thedimensionof
objectsof interest.Thefirst imagehasa little blobof 1 pixel in theupperleft corneranda
largeroneof 10pixel diameterin thelower right corner. Thesecondimageshows agood
peakin thepositionof thesmallerblob, � waschosenequalto 1. Thethird imageshows
agoodpeakin thepositionof thelargerblob, � waschosenequalto �	� 
 .
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ALGORITHM for bounding box determination

Input: interestpoint insideparticle

DO:

1. consider150pixel valuesstartingfrom your interestpoint in direction:N, S,E, W, NW, NE, SE,SW; youwill
have 8 vectors�
�����������

2. groupthepixel valuesin eachvectorin setof threeandcomputetheirmean;youwill have 8 vectors������������� ,
eachwith 50 items

3. for eachvector��� , estimatethebackgroundbrightnessin thatdirectionlookingat thepeakof thehistogramof
valuescontainedin ���

4. theborderof theobjectis foundwhenthemeansquarederrorof 4 consecutive valuesin ��� with respectto the
backgroundbrightnessis lessthanacertainthreshold;youwill get8 pointsaroundyour interestpoint

5. fit acircle takingthreepointsandtry many combinations(i.e. pointsin N-NE-E,N-SW-E, etc.)

6. theoptimalboundingcircle is theonewith minimumerror � ; for eachestimatedcircle,wecomputethe
distancesof thepointsnot involvedin theestimation(thatare5) to thecircumferenceandwedefine� asthesum
of thethreesmallestdistances

7. we take thecenterof thecircleascentroidandits diameterassideof asquareboundingbox.

Output: boundingbox

Figure5: Pseudocodeof algorithmfor determinationof boundingbox.
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Figure6: Exampleof boundingbox determination.Thepoint in magentais theinterest
point. Thegreenandredpointsaretheestimatedpointsaroundtheparticleborder. The
red points give the lowest error when fitting the circle. The resultingbox is the cyan
square.

Weconsider150pixelvaluesin eachdirectionbecausepinepollen(thebiggest
one)canbeboundedby asquareboxof 300pixels.Then,wecomputethemeanof
groupsof threepixel valuesin orderto make lesscomputationsandto reducethe
noise.Weconsider4 valuesof meanfor themeansquarederror(point4) because
weassumethatoutsidethepollenthesignalis stablearoundthebackgroundvalue
andthereareat least12 pixelsof separationamongparticles.Error � takesinto
accountonly threedirectionsbecausewe allow to have two wrongpointsaround
the borderof the object(think aboutgrainsthat aregroupedtogetheror seethe
dustnearthe pollen of fig. 6). On the otherhand,we canbe confidentthat the
circle with minimum � describesquitewell 6 pointsout of 8 stayingin theobject
border.

Overlap criterion

Whenimagesarevery noisy in the backgroundor pollengrainsaregroupedto-
gether, therecanbemorethanoneboundingbox for particleor therecanbea lot
of boundingboxesthatarevery closeandoverlapped.Then,we have to choose
which boundingbox to retainandwhich oneto remove.
Our criterionfocuseson two maincases.If box A is overlappedto box B andno
otherbox is overlappedwith A andB then,we keepthebox with minimumerror
� asdefinedin theprevioussubsection.If box A is overlappedto box B andboth
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boxesA andB areoverlappedto box C, then,we keepthebox with thesmallest
valueof � . Finally, if boxA is overlappedto boxB, andonly boxB is overlapped
to box C then,we keepbox B if it hasthesmallesterror � otherwisewe remove
only box B.

Examples

In order to have a betterunderstandingof the computationsperformedby this
systemandto seeits major limitations,we will take into accounttwo imagesin
ourdatabase.Thefirst oneis anexampleof verygooddetection(fig. 7, fig. 8, fig.
9), thelatteroneof poordetection(fig. 10,fig. 11,fig. 12).

Main causesof errorsare:

� somepollen grainsarevery low contrastandthey don’t give any interest
point

� pollengrainsaresometimesgroupedtogetherandwe canusuallygetonly
an interestpoint per group,the algorithmfor boundingbox determination
canfail in thissituation

� boundingboxdeterminationandoverlaptestcanfail in verynoisyimages.
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Figure7: Exampleof gooddetection.Theroundredmarkersshow thepositionof interest
points.Thesquarebluemarkersshow thepointsthatpassedtheteston thedistanceto the
border. Themagentatriangularmarkersarepositionedin thecentroidsof thosepatches
that have passedthe teston the size length. The yellow triangularmarkersare located
in thecentroidsof thosepatchesthathave passedthe teston overlap. Finally, theblack
triangularmarkersshow the positionof the centroidsof patchesthat passedthe teston
averagebrightness.
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finding boxes
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Figure8: Exampleof gooddetection.Theredpointsaretheinterestpointsthatpassedthe
teston borderdistance.Thebluesquareboxesaretheautomaticallycomputedbounding
boxes.Thebluepoint is thecentroidof theseboundingboxes.

false alarms 14, detections 2, targets 2
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Figure9: Exampleof gooddetection.Theredboxesaredraggedby theexpert.Theblue
boxesshow thepatchescomputedby thesystemthatmatchtheexpert’s ones.Thegreen
boxesarepatchescomputedby thesystemthatarefalsepositives.In this image,all pollen
grainsaredetectedandother14 particlesthatarenotpollengrainsaredetected.
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Figure10: Exampleof baddetection.Theroundredmarkersshow thepositionof interest
points.Thesquarebluemarkersshow thepointsthatpassedtheteston thedistanceto the
border. Themagentatriangularmarkersarepositionedin thecentroidsof thosepatches
that have passedthe teston the size length. The yellow triangularmarkersare located
in thecentroidsof thosepatchesthathave passedthe teston overlap. Finally, theblack
triangularmarkersshow the positionof the centroidsof patchesthat passedthe teston
averagebrightness.
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Figure11: Exampleof baddetection.Theredpointsaretheinterestpointsthatpassedthe
teston borderdistance.Thebluesquareboxesaretheautomaticallycomputedbounding
boxes.Thebluepoint is thecentroidof theseboundingboxes.

false alarms 37, detections 6, targets 11
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Figure12: Exampleof baddetection.Theredboxesaredraggedby theexpert.Theblue
boxesshow thepatchescomputedby thesystemthatmatchtheexpert’s ones.Thegreen
boxesarepatchescomputedby thesystemthatarefalsepositives.In this image,thereare
6 detections,5 misseddetectionsand37 falsealarms.
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Detection: experiments

We studiedthe performanceof this detectorchangingthe valuesof the sam-
ple frequency and the varianceof the Gaussiankernel. With the bestachieved
performance,we run many experimentsvarying the parameters���! " and
��#%$ &(')' in the function that computesthe interestpoints. Finally, we tried
many valuesfor thethresholdusedin thebrightnesstest.With thebestparameters
thathave beenfound(seetab. 3), we run a final experimenton all the imagesof
pollen database.The result is shown in tab.4. We areable to detectmore than
90%of pollenparticleswith apercentageof falsealarmsaround1000%usingthe
DoG image.
Notethatthesystemis quitefastbecauseit takesabout5 sec.to evaluateanimage
1024x1280pixelson machineworkingwith a2GHzprocessor.

Parameter DoG*�+ ,
*�- ,/. 0
1 . 0

��#2$43%')' 5/6 0
�7�8 :9 5/6<;=:>@?<A�BDC 6 C�B/>FE	G 6 5/6IH
J

Table3: Parametersof detectorthathave beenfoundduringthetuningstage.
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folder images nr. grains DoG
%det %falseal.

*010403 195 959 98.0 515
022203 19 35 88.6 3030
022303 10 11 100 3140
022403 15 28 96.4 1610
030310 22 56 92.9 1560
030311 80 102 98.0 1820
*032102 115 426 89.9 742

*0423040-12 100 500 90.0 519
*042802 180 520 86.3 1236
091903 30 66 93.9 1090
120102 44 56 98.2 1560
120202 8 12 91.7 2390
*122902 158 273 98.2 2470

*ChinElm 216 424 97.2 1000
TrialPollen 71 235 96.6 950

TOTAL 1263 3703 93.9 995

Table4: Detectionperformanceon eachfolder of thecurrentdatabase.In the last row,
thefinal resultis given.
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Analysis of results

We have alreadyobserved that the main causesof errorsare due to dustparti-
clesthatareattachedor very closeto pollengrainsor to pollenparticlesthatare
groupedin a singleblob. In thesesituations,we arenot alwaysableto have an
interestpoint for eachpollen grain andthe algorithmto find a properbounding
box canfail.
Sinceour final goal is to classifythe detectedpatches,we have built a database
with thedetectedpatches(usingDoG images)andwe have sortedthemaccord-
ing to the expert’s referencelist. Then,we have checked the patchesbelonging
to the mostnumerousclassesin orderto discardthe bad samples.Badsamples
areproducedby a mistakeof our boundingbox algorithmin thesituationsabove
mentioned.This procedurewill give us a morereliablepercentageof detection
andit will allow us to run experimentsof classification.In this way, we do not
risk to consideraspollenparticlessomefalsealarmsamplesbothin trainingand
teststage.

Accordingto thisanalysis,thenew final resultsareshown in tab.5.
Examplesof goodandbadpatchesfor someof the mostnumerousclassesare
shown in fig. 13 andfollowing.

genus expert’s detected % det. detectedgood % det.
alder 416 402 96.6 355 85.3
ash 329 323 98.8 303 92.1

chin. elm 522 506 96.9 466 89.3
jacaranda 282 259 91.8 223 79.1
mulberry 111 88 79.3 74 66.7

oak 413 384 93.0 329 79.7
olive 326 288 88.3 220 67.5
pine 705 694 98.4 606 86.0

TOTAL 3104 2944 94.9 2576 83.0

Table5: Performanceof detectorusingDoG imageswhenconsideringthemostnumer-
ousclasses.Thenumberof detectedpatchesis givenandalsothepercentageof detection
with referenceto the numberof expert’s patchesfor eachclass. The last two columns
referto thepatchesthatcanbereasonablyclassified.
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GOOD PATCHES 

BAD PATCHES 

Figure 13: Exampleof 90 patchesof alder pollen extractedby detector. The first 7
rows show examplesof good segmentation. The last 2 rows show samplesthat have
beenremovedbecauseof a badsegmentation.Problemsusuallyarisewhenthereis junk
attachedto thepollenor whenpollengrainsaregroupedin asingleblob. Notethatimages
have beenrescaledto acommonresolutionin orderto fit thegrid.
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GOOD PATCHES 

BAD PATCHES 

Figure14: Exampleof 90 patchesof jacarandapollen extractedby detector. The first
7 rows show examplesof goodsegmentation.The last 2 rows show samplesthat have
beenremovedbecauseof a badsegmentation.Problemsusuallyarisewhenthereis junk
attachedto thepollenor whenpollengrainsaregroupedin asingleblob. Notethatimages
have beenrescaledto acommonresolutionin orderto fit thegrid.
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GOOD PATCHES

BAD PATCHES 

Figure15: Exampleof 90 patchesof oakpollenextractedby detector. Thefirst 7 rows
show examplesof goodsegmentation.The last2 rows show samplesthathave beenre-
movedbecauseof abadsegmentation.Problemsusuallyarisewhenthereis junk attached
to thepollenor whenpollengrainsaregroupedin a singleblob. Note that imageshave
beenrescaledto acommonresolutionin orderto fit thegrid.
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Figure16: Exampleof 100patchesextractedby detectorandbelongingto thefalsealarm
class.
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Classification

Weshow theperformanceof classifierusingMoG with featurebasedonlocal jets.
Thedatabasesweareconsideringis thedatabaseof extractedpatchesderivedfrom
theexpert’s referencelist andthedatabasebuilt while runningthedetectorusing
DoGimages.This lastsetof imageshasbeencheckedin orderto removesamples
with badsegmentation.
Thepollenparticleswehaveusedfor classificationarelistedin tab.5.
We randomlyextractedfrom eachclassthe10%of imagesto performthetuning.
Then,we run 100experimentsto assesstheperformanceof thesystem.At each
iteration,the10%of imageswasrandomlyselectedfor theteststage.

Classificationusing expert’spatches

We have computedtheperformanceusingtheexpert’s patchesin orderto find a
lower boundfor the error rateof the classifierasa part of the systemfor real-
time pollen count. Why arewe gettinga lower bound?First, experimentswith
detectorpatchesuselesssamplesto train the system. Secondly, the automatic
segmentationof grainsis not alwaysperfect. Lastbut not least,we have to deal
with a lot of falsealarmsin any realsituation.

In orderto tunethesystem,wehaverunmany experimentsvaryingthenumber
of parameters:dimensionsof featurespace(form 6 to 18),numberof components
in eachmixtureof Gaussians(from1 to 10whenappropriate2), structureof covari-
ancematrixof eachcomponent,initial conditionsfor EM algorithm.Theoptimal
parameterscanbe found in tab.6. Finally, we have run 100 experiments.Each
time,wehaverandomlyextractedfrom eachclassthe10%of samplesfor test,the
restwasusedto performthe training. Theaverageresulton 100experimentsis
shown in fig. 17.

parameters value
dimensions 14

nr. components 2
covariance diag.

Table6: Parametersfound thanksto tuningstagewhich alsoprovided us a goodsetof
initial conditionsfor therandomnumbergeneratorusedto performEM algorithm.

2This meansthatwe tried to keepthenumberof parametersto lessthan50 becausemulberry
classhasabout100samples.
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Figure17: Averagetest (left side)and training (right side)confusionmatricesof 100
experimentsin which expert’s patcheswereused(seesecondcolumn of tab. 5). The
proportionalerror rateis thesumof theerror ratesof eachsingleclass;theseerror rates
are the ratio betweenthe numberof misclassifiedpatchesbelongingto that classand
theproductof thenumberof testedclassesby the total numberof samplesbelongingto
that class. The error rateshown in parenthesisis the ratio betweenthe total numberof
misclassifiedimagesandthetotalnumberof testedimages.Theproportionalerrorrateis
usefulwhenwe run experimentsusinga differentnumberof testsamplesfor eachclass.
In theseexperiments,we have randomlyextractedthe 10% of imagesfor test at each
iteration.
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Classificationusing detectorpatcheswithout falsealarms

The tuning stagegave us the parametersthat are shown in tab.7. We present
the resultof classificationusingdetectorpatcheswithout the falsealarmclassin
fig. 18. This is usefulto assessthequality of our automaticsegmentation,even
thoughtheperformanceis a little worsedueto theminor numberof imagesused
in training.Weobservethatthetuningstageprovidedusthesameparametersthat
werefoundusingtheexpert’spatches,andthatalsotheperformanceis veryclose
to thatone(seefig. 17). Thus,we canconcludethat theautomaticsegmentation
is good. Finally, giventhestrongsimilarity of pollengrainsbelongingto certain
classes(i.e. ash,jacaranda,oak)we canbesatisfiedaboutanerror rateof nearly
20% becausethis classificationhasbeenperformedusinga classifierdeveloped
for thecellsin urine.

parameters value
dimensions 14

nr. components 2
covariance diag.

Table7: Parametersfound thanksto tuningstagewhich alsoprovided us a goodsetof
initial conditionsfor therandomnumbergeneratorusedto performEM algorithm.
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Figure18: Averagetest (left side)and training (right side)confusionmatricesof 100
experimentsin which detectorpatcheswereused(seethird columnof tab.5). In these
experiments,we have randomlyextractedthe10%of imagesfor testateachiteration.
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Classification using detector patchesand considering the false
alarm class

Giventhe detectorperformance,we assumethat for eachfoundpollen thereare
10 falsealarms.Thus,we areusingin our experiments2576pollensamplesand
26000samplesof falsealarms.Besidethe pollencategoriesandthe falsealarm
class,we referalsoto anotherclass:“unknown” category. This is theclasswhere
we put the imageswhosemaximumposteriorprobability is lessthan a certain
threshold.Of course,we assumethat thesystemis right whenheassignsa false
alarmsampleto either the falsealarmclassor the unknown one. We apply the
Bayesianclassifierusingfeaturesbasedon local jets. This classifieris oneof the
bestwehavefoundbut it needsalot of imagesto estimateparametersin theMoG.
For this reason,we consideronly categorieswith morethan70 images,namely:
alder, ash,elm,jacaranda,mulberry, oak,olive,pineandobviouslythefalsealarm
class.

We aim to find the performanceof the systemconsideringall the available
pollencategories. It hasbeenexperimentallyprovedthata betterperformanceis
achieved modelingthe falsealarmclassandnot just only the pollen categories.
Sincewe have availablea lot of samplesbelongingto this classandsincethese
samplesshow anextremevariability in appearance,we canbuild for this classa
morecomplicatemodel.Thetuningstageprovidedustheparameterslistedin tab.
8.

In orderto find anaverageerrorratewe run 100experimentsandat eachiter-
ationwerandomlyselectthe10%of imagesfor test.Thepromisingperformance
is shown in fig. 19.

parameters value
dimensions 14

componentspoll. classes 2
covariancepoll. classes spher
componentsf.a. class 4
covariancef.a. class full

prob. thresh. 0.5

Table8: Classificationof 8 pollenspecieswhenmodelingthefalsealarmclass:param-
etersfoundthanksto tuningstagewhich alsoprovidedusa goodsetof initial conditions
for therandomnumbergeneratorusedto performEM algorithm.
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Figure19: Classificationof 8 pollenspecieswhenmodelingthefalsealarmclass:aver-
agetest(left side)andtraining(right side)confusionmatricesof 100experimentsin which
gooddetectorpatcheswereused.In theseexperiments,we have randomlyextractedthe
10%of imagesfor testat eachiteration.
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Classificationduring specificseasons

In any practicalapplicationof airbornepollen recognition,it is useful to know
what typesoccurtogetherat varioustimesof the yearin theareaof interest. In
Pasadenaarea,in Septemberthereis chineseelmandalmostnothingelse;in Jan-
uary, ash,alder, pinepollengrainsarecommonlyfound.Wewill neverencounter
a periodof theyearwith all the8 kindsof pollenconsideredin theprevioussec-
tion.
Then,it is interestingto seewhattheperformancewouldbein aparticularseason.

In September, we have to distinguishbetweenchineseelm andfalsealarms.
Sincewehave466samplesof thispollen,we take4660samplesbelongingto the
falsealarmclass.Weproceedlikein theprevioussectionmodelingthefalsealarm
class. The tuning stageprovidedus the parameterslisted in tab. 9. Choosinga
thresholdvalueof 0.65,weachievedanerrorrateof about6%asshown in fig. 20.

parameters value
dimensions 8

componentspoll. classes 1
covariancepoll. classes diag
componentsf.a. class 5
covariancef.a. class full

prob. thresh. 0.65

Table9: Septembermonth:parametersfoundthanksto tuningstagewhichalsoprovided
usa goodsetof initial conditionsfor therandomnumbergeneratorusedto performEM
algorithm.

In January, we have to distinguishamongalder, ash,pineandobviously false
alarms.Sincewe have 1264samplesof thesepollengrains,we take 12600sam-
plesbelongingto thefalsealarmclass.Thetuningstageprovidedustheparame-
terslistedin tab. 10. Choosinga thresholdvalueof 0.7,weachievedanerrorrate
of about17%asshown in fig. 21.
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Figure20: Septembermonth:averagetest(left side)andtraining(right side)confusion
matricesof 100experimentsin which gooddetectorpatcheswereused.In theseexperi-
ments,we have randomlyextractedthe10%of imagesfor testat eachiteration.

parameters value
dimensions 8

componentspoll. classes 1
covariancepoll. classes full
componentsf.a. class 10
covariancef.a. class full

prob. thresh. 0.7

Table10: Januarymonth: parametersfoundthanksto tuningstagewhich alsoprovided
usa goodsetof initial conditionsfor therandomnumbergeneratorusedto performEM
algorithm.
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Figure21: Septembermonth:averagetest(left side)andtraining(right side)confusion
matricesof 100experimentsin which gooddetectorpatcheswereused.In theseexperi-
ments,we have randomlyextractedthe10%of imagesfor testat eachiteration.
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Conclusion

Thedetectoris ableto detectwith probabilityof 0.94all pollengrains. It is able
to determinea properboundingbox for the 83% of the pollen grainsthat were
labeledby experts. It detectsalsofor eachpollen tenotherparticlesthatarenot
pollen.With thespatialresolutionof our imagesthis resultsarequitegood.

Theclassifierhasanerrorrateof about21%on 8 pollencategories.A worse
performanceis achievedwhenfalsealarmsareintroduced;in thissituationtheer-
ror rateincreaseupto 35%.Thefalsealarmclassis describedby amorecomplex
modelandwe achieve on this category thebestcorrectclassificationrate:nearly
90%.

The experimentsaredonein conditionswhich arevery closeto a real situa-
tion. Particularly, we keeptheratio betweenpollenandjunk particlesat oneout
of ten andthe classifierreceivesobjectsin the right proportion. In this way, we
overcomethedifficulty to selectimagesfor trainingandto classifypollenparti-
clesthatarenotmodeledbecausetheirnumberis too low.

Thissystemhasabetterperformancewhenconsideringfew pollencategories.
Thanksto the countsof this last yearsin Pasadenaarea,we know what kind of
pollen particlescanbe releasedin eachseasonandwe canusethis information
to improve the performanceof the system. For example,in Septemberthereis
mainly a releaseof chineseelmandwe achieveanerrorrateof about6%; in Jan-
uary thereareonly threekindsof pollenandtheerrorrateis around17%. These
promisingresultsmake thesystemalreadyattractive for a practicalapplicationin
airbornepollenrecognition.

Futur ework

We shouldtry to improve the systemin the way in which we acquirethe data.
A properstandardizedprocedureto setup the sporetrap machinewill allow to
get a databasewith imageshaving a lessvariablebackground.A higherspatial
resolutionwill give a betterperformancein detection,a bettersegmentationof
the pollen grain andalsoa betterperformancein classification(no junk around
theparticle).In Appendix,thereis a list of “good” imagesthatarealreadyin our
databaseandcanbeusedto setup thesporetrapfor this purpose.

Detectioncanbeimprovedtrying to decreasethenumberof falsealarmswith
other tests. For example,we could inserta thresholdon the minimum valueof
theaveragebrightnessinsidethepatch;this shouldremove blackobjects.Color
informationseemsto carrya lot of informationandit hasstill to beused.Pollen
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grainsare brown, cyan, greenand red while other particlesare typically black
or pink (i.e. bubbleof glue). The segmentationhasto be improved in order to
dealwith elongatedparticles.For example,pinepollenhastwo blobon thesides.
Oneof theseblobsusuallyfalls out theboundingbox becausethe interestpoint
is on theotherblobandwe aretrying to fit acircle looking at 5 pointsaroundthe
interestpoint.

Classificationcouldbeimprovedlooking for otherkindsof featurethatmight
take into accountinformationaboutcolorandshapeof theparticle.A verystrong
effort shouldbedoneto improve theperformanceon thefalsealarmclass.When
theerrorrateon this category will belessthan5% then,thesystemwill beready
for a practicalapplicationgiventhecurrentperformanceof thedetectionsystem.
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APPENDIX

Imagesthat could constitutethe kernel for the future databasehaving a better
spatialresolutionare listed in tab. 11. The patchesthat wereextractedby the
detectorusingtheseimages,areshown in fig. 22. Eachimagein this setgives
no morethan15 falsealarmswith thecurrentsystemandhasno morethanthree
pollengrains.Theseimagesarethe5% of thecurrentdatabaseandthey give the
performanceof detectionshown in tab. 12.

alder −>

ash −>

elm −>

jacaranda −>

mulberry −> oak −>

olive −>

pine −>

Figure22: Patchesextractedautomaticallyby thedetectionsystemfrom asetof “good”
images(i.e. imageswith a goodspatialresolution).Thearrows show thepatchesthatdo
nothave a goodsegmentation,they are6.
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folder indexesof goodimages
*010403 (4,9,10,13,20,21,23,24,25,26,

28,29,37,38,39,54,66,67,98,106,
109,115,123,124,127,135,168,195)

022203 -
022303 (2)
022403 (3,13)
030310 -
030311 (12,30,31,32,34,67,68)
*032102 (69,89,90,91,101,

104,114)
*0423040-12 (5,18,20,21,22,

24,33,46,49,55,
66,70)

*042802 (12,22,26,27,48,57,58,59,60,61,
63.64.65.66.80,81,86,87,89,90,

92,93,95,96,97,98,114,115,117,118,
119,121,122,123,124)

091903 (13,18,22,23)
120102 (1,7,20,24,28,30,35,38,40,41,

42,43)
120202 -
*122902 (1,6,10,13,17,18,19,20,21,22,

151,152,157)
*ChinElm (17,18,19,30,32,33,34,35,43,48,

59,62,63,66,71,76,80,84,86,87,
91,94,98,99,100,102,103,104,106,114,

115,126,139,156,160,161,162,169,178,184,
185,186,199,202,210)

TrialPollen (19,22)
TOTAL 168

Table11: Indexesof “good” imagesin eachfolderof thecurrentdatabase.
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genus detected detectedgood
alder 24 22
ash 25 25

chin. elm 74 73
jacaranda 18 18
mulberry 7 7

oak 9 7
olive 33 32
pine 45 45

TOTAL 236 230

Table12: Detectionon “good images”:thelastcolumnsrefersto imagesthathave been
well segmented.The percentageof detectionis 100%. If we remove the6 patchesthat
have a badsegmentation,the percentageof detectionis 98%. The percentageof false
alarmsis 565%.
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