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Database

The databaseisedin the experimentss shavn in tah1 and2. This databasevas
double-checkd by the expert (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

Tablel: Pollendatabasetist of foldersandimagesin eachfolder. The* denotes
thenew availabledatain additionto the old databaséMarch04).



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
lig. amber 44
mulberry 111
oak 413
olive 326
palm 39
pecan 4
pine 705
planet. 10
poplar 7
sycamore 33
walnut 36
unknowvn 263
pistach. 0
plantain 0
elm 1
rumex 1
umbellif. 4
grass 19
TOTAL 3686

Table2: List of pollenparticlesfoundin theimagesof tah1. In bold characters,
we highlightthe speciesvith morethan100samples.



Detection: outline

Thesystems basednafiltering approactandits outlineis shavnin fig. 1 and2.
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Figurel: Outlineof particledetector Patchesf interestarefoundby asystenmusingtwo

differentfrequenciegthe light blue boxesthatare describedn fig. 2). Patchescoming
from thesdwo systemsreretainedonly if they passatestonoverlapandatestonaverage
brightnesgboxeswith redborder).For example,if two patchesaretoo muchoverlapped
we keeponly onepatch. If the averagebrightnesof pixelsfalling insidethe box is too

high, we discardthis patchbecausgollenparticleshave alwayssometexture. The output
is a setof patchedhatwill be givento the classifier In the example,the blue boxesare
pollengrains,thegreenonesarefalsealarms.

Theinput imageis corvertedin gray level values. It is blurredand sampled
at two differentfrequenciesF; and F5. In orderto avoid artifactsnearthe im-
ageborder we normalizethe backgroundorightnesgo zerd. We applyto both

1The estimateof the backgroundorightnesss iterative andit is basedon computationof the
histogrampeakof all theimagepixel values.
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Figure2: Zoomof thelight blueboxesshavnin fig. 1. Theinputimage(aftercorversion
to graylevel values)is blurredandsampledat a certainfrequeng. Then,we look for the
maximaof the differenceof GaussiangDoG) image. Thesemaximaare our initial set
of interestpoints. Then,we discardpointstoo closeto the imageborder After that,we
automaticallycomputea boundingbox aroundeachinterestpoint. Finally, we discardthe
patchesvhoseaveragesideis too small. The outputis a setof patcheghatmight contain
pollengrains.



sampledmagesafiltering stage:for eachsuchimagewe computea differenceof
GaussiansA setof interestpointsis extractedlooking at the extremaof the two
previously foundimages.Then,we discardpointsthataretoo closeto theimage
borderandfor the remainingoneswe find a properboundingbox. After remov-
ing thosepatcheghataretoo small,too muchoverlappedwith otherpatchesand
patchesvhoseaveragebrightnesss too high, we have a setof patcheghatmight
containa particleof interestandthen,thesepatcheswill begivento the classifier
In thefollowing subsectionsye will explainin somedetailsthekey pointsof the
system.

The differ enceof Gaussiansamage

Given a properly blurred and sampledimage, we blur the image twice with a
Gaussiarkernel. The differenceof GaussiangDoG) imageis the differencebe-
tweenthe outputsof thetwo filters.

In fig. 3, we shaw the plotsof Gaussiarkernelanddifferenceof Gaussiai{DoG)
kernelandtheir DFT in the 1-D case.

Thegoalof thesamplingstages to make thesmallespollenappeaslittle blob of
few pixels. This automaticallyremovesdustparticlessmallerthanpollen grains
andreduceghe amountof computation.With a properchoiceof the varianceof
the Gaussiarkernel o, the outputimagewill have a peakin correspondencef
round shapedobjectswith a certainsize. Fig. 4 shavs a syntheticexamplein

which two filters with DoG kernelshaving differents are appliedto animage.
Wheno is low, the outputimagehasa narrov peakin correspondencef thelittle

blob of the inputimage. Wheno is high, the peakis in correspondencef the
largestblob. The varianceof the Gaussiarkernelallows to selectthe size of the
interestobjects.

In orderto detecthow gooda point of extremumis in the outputimage,we fit

aroundit a paraboloid. The vertex of this paraboloidgivesthe exact position of
theinterestpoint andits cunatureis a measureof its quality. If this valueis too
low then,it is lik ely thatthis extremumis generatedby a strip shapedbjector by
anobjectthatis smallerthanthe onewe arelooking for. If this valueis highthen
the objectin thatpositionis roundandit hasa sizethatfits thesizeof our target.

Bounding box determination

Thealgorithmto determineaboundingbox givenaninterestpointis very straight-
forward. Its pseudo-codés givenin fig. 5 andin fig. 6 we shov an exampleof
applicationof this algorithm.
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Figure3: Firstrow: basickernels,namelyGaussiarkernelandthe equivalentkernelof
thewhole system.Secondow: DFT of previouskernels.
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Figure4: This exampleshavs how the choiceof scales is relatedwith the dimensionof
objectsof interest.Thefirstimagehasalittle blob of 1 pixel in theupperleft corneranda
largeroneof 10 pixel diametelin thelower right corner Thesecondmageshavs agood
peakin the positionof the smallerblob, o waschoserequalto 1. Thethird imageshawvs
agoodpeakin the positionof thelargerblob, o waschoserequalto 81/2.



ALGORITHM for bounding box determination

Input:

DO:

Output

interestpointinsideparticle

considerl50pixel valuesstartingfrom yourinterestpointin direction:N, S, E, W, NW, NE, SE,SW; you will
have 8 vectorsV; ... Vs

groupthepixel valuesin eachvectorin setof threeandcomputetheir mean;youwill have 8 vectorsu; .. . vsg,
eachwith 50items

for eachvectorv;, estimatehe backgroundrightnessn thatdirectionlooking at the peakof the histogramof
valuescontainedn v;

the borderof the objectis foundwhenthemeansquarederrorof 4 consecutie valuesin v; with respecto the
backgroundrightnesss lessthana certainthresholdyouwill get8 pointsaroundyour interestpoint

fit acircle takingthreepointsandtry mary combinationgi.e. pointsin N-NE-E, N-SW-E, etc.)
the optimalboundingcircle is the onewith minimumerrore; for eachestimatedircle, we computethe
distance®f the pointsnotinvolvedin the estimation(thatare5) to the circumferenceandwe definee asthe sum

of thethreesmallestdistances

we take the centerof the circle ascentroidandits diameterassideof a squareboundingbox.

: boundingbox

Figure5: Pseudaodeof algorithmfor determinatiorof boundingbox.
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Figure6: Exampleof boundingbox determination.The pointin magentds theinterest
point. The greenandred pointsarethe estimatedpointsaroundthe particleborder The
red points give the lowest error whenfitting the circle. The resultingbox is the cyan
square.

We considerl50pixel valuesn eachdirectionbecaus@inepollen(thebiggest
one)canbeboundedy asquareéboxof 300pixels. Then,we computethemeanof
groupsof threepixel valuesin orderto make lesscomputation@ndto reducethe
noise.We consider4 valuesof meanfor themeansquarecerror (point4) because
we assumehatoutsidethepollenthesignalis stablearoundthebackgroundralue
andthereareat least12 pixels of separatioramongpatrticles. Error e takesinto
accountonly threedirectionsbecauseve allow to have two wrong pointsaround
the borderof the object(think aboutgrainsthat are groupedtogetheror seethe
dustnearthe pollen of fig. 6). On the otherhand,we canbe confidentthatthe
circle with minimume describeguitewell 6 pointsout of 8 stayingin the object
border

Overlap criterion

Whenimagesarevery noisy in the backgroundr pollen grainsare groupedto-
gethertherecanbe morethanoneboundingbox for particleor therecanbea lot
of boundingboxesthatarevery closeandoverlapped.Then,we have to choose
which boundingbox to retainandwhich oneto remove.

Our criterionfocuseson two maincaseslif box A is overlappedo box B andno
otherbox is overlappedwith A andB then,we keepthe box with minimumerror
e asdefinedin the previoussubsectionlf box A is overlappedo box B andboth



boxesA andB areoverlappedo box C, then,we keepthe box with the smallest
valueof e. Finally, if box A is overlappedo box B, andonly box B is overlapped
to box C then,we keepbox B if it hasthe smallesterror e otherwisewe remove
only box B.

Examples

In orderto have a betterunderstandingf the computationgperformedby this
systemandto seeits major limitations, we will take into accounttwo imagesin
ourdatabaseThefirst oneis anexampleof very gooddetection(fig. 7, fig. 8, fig.
9), thelatteroneof poordetection(fig. 10,fig. 11,fig. 12).

Main cause®f errorsare:

e somepollen grainsarevery low contrastandthey don't give ary interest
point

e pollengrainsaresometimegyroupedtogetherandwe canusuallygetonly
aninterestpoint per group, the algorithmfor boundingbox determination
canfail in this situation

e boundingbox determinatiorandoverlaptestcanfail in very noisyimages.



Input image

interest points
border test
side test
overlap test
av. bright. test

100

> oo

200

300

400

500

600 ' 3
700
A
800 7 N Y]
N A N/
N
900 | N 4
it 2
1o00ff) . | @5 B
200 400 600 800 1000 1200

Figure7: Exampleof gooddetection.Theroundredmarkersshaw thepositionof interest
points. Thesquareblue markersshawv the pointsthatpassedhetestonthedistanceo the

border The magentariangularmarkersarepositionedin the centroidsof thosepatches
that have passedhe teston the sizelength. The yellow triangularmarkers arelocated
in the centroidsof thosepatcheghat have passedhe teston overlap. Finally, the black

triangularmarlkers shav the position of the centroidsof patcheghat passedhe teston

averagebrightness.
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Figure8: Exampleof gooddetection Theredpointsaretheinterestpointsthatpassedhe
teston borderdistance.The blue squareboxesarethe automaticallycomputedoounding
boxes. Thebluepointis the centroidof theseboundingboxes.
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Figure9: Exampleof gooddetection.Theredboxesaredraggedy theexpert. Theblue
boxesshaw the patchesomputedy the systemthatmatchthe expert’s ones.Thegreen
boxesarepatchexomputedy thesystemthatarefalsepositives. In thisimage all pollen
grainsaredetectedandother14 particlesthatarenot pollengrainsaredetected.
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Figure10: Exampleof baddetection.Theroundredmarkersshav thepositionof interest
points. Thesquareéblue marlersshav the pointsthatpassedhetestonthedistancdo the

border The magentariangularmarkers arepositionedin the centroidsof thosepatches
that have passedhe teston the sizelength. The yellow triangularmarkers are located
in the centroidsof thosepatcheghat have passedhe teston overlap. Finally, the black

triangularmarkers shav the position of the centroidsof patcheghat passedhe teston

averagebrightness.
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Figurell: Exampleof baddetection.Theredpointsaretheinteresipointsthatpassedhe
teston borderdistance.The blue squareboxesarethe automaticallycomputedoounding
boxes. Thebluepointis the centroidof theseboundingboxes.
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Figure12: Exampleof baddetection.Theredboxesaredraggedy theexpert. Theblue
boxesshawv the patchesomputedy the systemthatmatchthe expert’s ones.Thegreen
boxesarepatchecomputedyy the systenthatarefalsepositives. In thisimage thereare
6 detections5 misseddetectionsand37 falsealarms.
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Detection: experiments

We studiedthe performanceof this detectorchangingthe valuesof the sam-
ple frequengy andthe varianceof the Gaussiarkernel. With the bestachiered
performancewe run mary experimentsvarying the parameters\/ /N_K and
MAX_ERR in the function that computeghe interestpoints. Finally, we tried
mary valuesfor thethresholdusedin thebrightnesgest. With thebestparameters
thathave beenfound (seetah 3), we run a final experimenton all the imagesof
pollen database.The resultis shovn in tah4. We are ableto detectmorethan
90%of pollenparticleswith a percentagef falsealarmsaround1000%usingthe
DoGimage.

Notethatthesystems quitefastbecausd takesabout5 sec.to evaluateanimage
1024x128Mixelson machineworking with a2GHz processar

Parameter | DoG

I 8
F 8v/2
o V2
MAXgRR 0.2
MINg 0.1
Bright. thres. || 0.97

Table3: Parametersf 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
*042304.0-12 100 500 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 the currentdatabaseln the lastrow,
thefinal resultis given.
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Analysis of results

We have alreadyobsened that the main causef errorsare dueto dustparti-
clesthatareattachedr very closeto pollengrainsor to pollen particlesthatare
groupedin a singleblob. In thesesituations,we are not alwaysableto have an
interestpoint for eachpollen grain andthe algorithmto find a properbounding
box canfail.
Sinceour final goalis to classifythe detectedoatcheswe have built a database
with the detectedpatchequsing DoG images)andwe have sortedthemaccord-
ing to the expert’s referencdist. Then,we have checled the patchesbelonging
to the mostnumerousclassesn orderto discardthe bad samples.Bad samples
areproducedby a mistake of our boundingbox algorithmin the situationsabove
mentioned. This procedurewill give usa morereliable percentagef detection
andit will allow usto run experimentsof classification.In this way, we do not
risk to consideraspollen particlessomefalsealarmsamplesothin trainingand
teststage.

Accordingto this analysisthe new final resultsareshown in tah5.
Examplesof good and bad patchesfor someof the mostnumerousclassesare
showvn 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: Performancef detectorusingDoG imageswhenconsideringhe mostnumer
ousclassesThenumberof detectegpatchess givenandalsothe percentagef detection
with referenceto the numberof expert's patchesfor eachclass. The lasttwo columns
referto the patcheghatcanbereasonablglassified.
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Figure 13: Exampleof 90 patchesof alder pollen extractedby detector The first 7
rows shav examplesof good segmentation. The last 2 rows shav samplesthat have
beenremored becaus®f a badsegmentation.Problemsusuallyarisewhenthereis junk
attachedo the pollenor whenpollengrainsaregroupedn asingleblob Notethatimages
have beenrescaledo acommonresolutionin orderto fit the grid.
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Figure 14: Exampleof 90 patchesof jacarandaollen extractedby detector The first
7 rows shav examplesof good segmentation. The last 2 rows shaw sampleghat have
beenremored becaus®f a badsegmentation.Problemsusuallyarisewhenthereis junk
attachedo the pollenor whenpollengrainsaregroupedn asingleblob Notethatimages
have beenrescaledo acommonresolutionin orderto fit the grid.
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Figure15: Exampleof 90 patchesf oak pollen extractedby detector Thefirst 7 rows
shav examplesof good sggmentation.The last 2 rows shav sampleghat have beenre-
movedbecaus®f abadsegmentation Problemausuallyarisewhenthereis junk attached
to the pollen or whenpollen grainsaregroupedin a singlebloh. Note thatimageshave
beenrescaledo acommonresolutionin orderto fit thegrid.
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Figurel6: Exampleof 100patchesxtractedby detectormandbelongingto thefalsealarm
class.
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Classification

We shaw theperformancef classifierusingMoG with featurebasednlocal jets.
Thedatabasewe areconsiderings thedatabasef extractedpatcheglerivedfrom
the expert’s referencdist andthe databaséuilt while runningthe detectorusing
DoGimages.Thislastsetof imageshasbeenchecledin orderto remove samples
with badsegmentation.

The pollenparticleswe have usedfor classificatiorarelistedin tah5.

We randomlyextractedfrom eachclassthe 10%of imagesto performthetuning.
Then,we run 100 experimentgo assesshe performanceof the system.At each
iteration,the 10%of imageswasrandomlyselectedor theteststage.

Classificationusing expert’s patches

We have computedthe performanceausingthe expert’s patchesn orderto find a
lower boundfor the error rate of the classifieras a part of the systemfor real-
time pollen count. Why arewe gettinga lower bound? First, experimentswith
detectorpatchesuselesssamplego train the system. Secondly the automatic
segmentationof grainsis not always perfect. Lastbut not least,we have to deal
with alot of falsealarmsin ary realsituation.

In orderto tunethesystemwe have runmary experimentssaryingthenumber
of parametersdimension®of featurespacgform 6 to 18), numberof components
in eachmixtureof Gaussiangfrom 1to 10whenappropriaté), structureof covari-
ancematrix of eachcomponentinitial conditionsfor EM algorithm. The optimal
parameterganbe found in tah6. Finally, we have run 100 experiments.Each
time, we have randomlyextractedfrom eachclassthe 10%of sampledor test,the
restwasusedto performthe training. The averageresulton 100 experimentsis
showvnin fig. 17.

parameters | value

dimensions 14
nr.components| 2

covariance diag.

Table6: Parameterdound thanksto tuning stagewhich alsoprovided us a goodsetof
initial conditionsfor therandomnumbergeneratousedto performEM algorithm.

2This meanghatwe tried to keepthe numberof parameterso lessthan50 becausanulberry
classhasabout100samples.
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av. test ER = 21.8%0 = 2.7 (abs. ER = 20.0%) av. train ER = 17.0%0 = 2.5 (abs ER = 15.8%)
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Figure 17: Averagetest(left side)and training (right side) confusionmatricesof 100
experimentsin which expert’s patcheswere used(seesecondcolumnof tah 5). The
proportionalerrorrateis the sumof the error ratesof eachsingleclass;theseerrorrates
are the ratio betweenthe numberof misclassifiedpatchesbelongingto that classand
the productof the numberof testedclassesy the total numberof sampleselongingto
that class. The error rate showvn in parenthesiss the ratio betweenthe total numberof
misclassifiedmagesandthetotal numberof testedmages.Theproportionalerrorrateis
usefulwhenwe run experimentsusinga differentnumberof testsampledor eachclass.
In theseexperiments,we have randomly extractedthe 10% of imagesfor testat each
iteration.
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Classificationusing detector patcheswithout falsealarms

The tuning stagegave us the parameterghat are showvn in tah7. We present
theresultof classificationusingdetectompatcheswvithout the falsealarmclassin
fig. 18. Thisis usefulto assesshe quality of our automaticsggmentationgven
thoughthe performancaes a little worsedueto the minor numberof imagesused
in training. We obsene thatthetuningstageprovidedusthe sameparametershat
werefoundusingtheexpert’s patchesandthatalsothe performances very close
to thatone(seefig. 17). Thus,we canconcludethatthe automaticsggmentation
is good. Finally, giventhe strongsimilarity of pollengrainsbelongingto certain
classedi.e. ash,jacarandapak)we canbe satisfiedaboutan error rateof nearly
20% becausehis classificationhasbeenperformedusing a classifierdeveloped
for thecellsin urine.

parameters | value

dimensions 14
nr. components 2

covariance diag.

Table7: Parametergound thanksto tuning stagewhich alsoprovided us a goodsetof
initial conditionsfor therandomnumbergeneratousedto performEM algorithm.
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av. test ER = 23.2%0 = 3.3 (abs. ER = 21.1%) av. train ER = 16.4%0 = 3.1 (abs ER = 15.2%)

ool +13,15,18 0.1,0.2.1.9.2'.8 ool :08.0.9,1.4 00 01 ,1.2,1..0

04.12: ;3£ 90.745 02,18 . ;1f 92832

olive - olive -

1.8 10.92.2 20.32.F 59.32.5.0.6

oak - oak -

15°9.1:17 1511F 68814 0.6

g mber L0797 ,0.4.5.‘.%6.0 04 § nubery |- 04 ¢7.6 40.1,2.'1.14.340.1
- -
0 0
w ' W )
2 jacaran | 43079 1708215216620 .06 2 g | 2757 1717812384 .10 03
F F
ol ,2.5.7.').?.1.8 21,15 40 ol ,2.0.6.'.&1.5 12,08 29
ashl LA00.35.7 6.6 ,2.7411.109 0.8 sl L5648 5.7 16494 .04 08
der - 'a.gs.e B34,35,19,20 16 ader - '.1,2.8 26,23.05,11 .07
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
UNK alder ash elmjacaramulber.oak olive pine UNK alder ash elmjacaranulberryoak olive pine
ESTIMATED CLASS ESTIMATED CLASS

Figure 18: Averagetest (left side)and training (right side) confusionmatricesof 100
experimentsin which detectorpatcheswere used(seethird column of tah5). In these
experimentswe have randomlyextractedthe 10% of imagesfor testat eachiteration.
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Classification using detector patchesand considering the false
alarm class

Giventhe detectorperformancewe assumehatfor eachfound pollenthereare
10 falsealarms.Thus,we areusingin our experiments2576pollensamplesand
26000samplesof falsealarms. Besidethe pollen categoriesandthe falsealarm
class,we referalsoto anotherclass:“unknown” cateyory. Thisis the classwhere
we put the imageswhosemaximumposteriorprobability is lessthan a certain
threshold.Of course we assumehatthe systemis right whenhe assignsa false
alarm sampleto eitherthe falsealarm classor the unknovn one. We apply the
Bayesiarclassifierusingfeaturesbasedon local jets. This classifieris oneof the
bestwe have foundbut it needsalot of imagego estimateparameters theMoG.
For this reasonwe consideronly categyorieswith morethan70 images,namely:
alder ash,elm,jacarandamulberry oak,olive, pineandobviously thefalsealarm
class.

We aim to find the performanceof the systemconsideringall the available
pollencategories. It hasbeenexperimentallyprovedthata betterperformances
achiezed modelingthe falsealarm classand not just only the pollen cateyories.
Sincewe have availablea lot of sampleselongingto this classandsincethese
samplesshov an extremevariability in appearanceye canbuild for this classa
morecomplicatemodel. Thetuningstageprovidedusthe parametersistedin tah
8.

In orderto find anaverageerrorratewe run 100 experimentsaandat eachiter-
ationwe randomlyselectthe 10%of imagesfor test. The promisingperformance
is shawvnin fig. 19.

parameters | value

dimensions 14
componentpoll. classeg| 2
covariancepoll. classes|| spher

components$.a. class 4
covariancef.a. class full
proh thresh. 0.5

Table8: Classificatiorof 8 pollenspeciesvhenmodelingthe falsealarmclass:param-
etersfoundthanksto tuning stagewhich alsoprovided us a goodsetof initial conditions
for therandomnumbergeneratousedto performEM algorithm.
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Figure19: Classificationof 8 pollen speciesvhenmodelingthe falsealarmclass:aver-
agetest(left side)andtraining(right side)confusionmatricesof 100experimentsn which
gooddetectorpatchesvereused.In theseexperimentswe have randomlyextractedthe
10% of imagesdfor testat eachiteration.
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Classificationduring specificseasons

In ary practicalapplicationof airbornepollen recognition,it is usefulto know
whattypesoccurtogetherat varioustimesof the yearin the areaof interest. In
Pasadenarea,in Septembethereis chineseelm andalmostnothingelse;in Jan-
uary, ash,alder pinepollengrainsarecommonlyfound. We will neverencounter
a periodof theyearwith all the 8 kinds of pollenconsideredn the previous sec-
tion.
Then,it is interestingo seewhatthe performancevould bein aparticularseason.
In Septemberwe have to distinguishbetweenchineseelm andfalsealarms.
Sincewe have 466 samplef this pollen,we take 4660sampleselongingto the
falsealarmclass.We proceedik ein theprevioussectionmodelingthefalsealarm
class. The tuning stageprovided us the parametergistedin tah 9. Choosinga
thresholdvalueof 0.65,we achievedanerrorrateof about6% asshownin fig. 20.

parameters | value

dimensions 8
componentpoll. classeg| 1
covariancepoll. classes| diag

components$.a. class 5
covariancef.a. class full
proh thresh. 0.65

Table9: Septembemonth: parameterfoundthanksto tuningstagewhich alsoprovided
usagoodsetof initial conditionsfor the randomnumbergeneratousedto performEM
algorithm.

In Januarywe have to distinguishamongaldet ash,pineandobviously false
alarms.Sincewe have 1264samplesf thesepollengrains,we take 12600sam-
plesbelongingto the falsealarmclass.Thetuning stageprovided usthe parame-
terslistedin tah 10. Choosingathresholdvalueof 0.7,we achievedanerrorrate
of aboutl7%asshowvnin fig. 21.
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av. test ER = 6.0% 0 = 2.3% (abs. ER = 3.7%) av. train ER = 6.7% 0 = 2.7% (abs ER = 3.7%)
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Figure20: Septembemonth: averagetest(left side)andtraining (right side)confusion
matricesof 100 experimentsin which gooddetectorpatchesvereused.In theseexperi-
ments we have randomlyextractedthe 10% of imagesfor testat eachiteration.

parameters | value
dimensions 8
componentpoll. classeg| 1
covariancepoll. classes| full
components$.a. class 10
covariancef.a. class full
proh thresh. 0.7

Table 10: Januarymonth: parameter$éound thanksto tuning stagewhich alsoprovided
usagoodsetof initial conditionsfor the randomnumbergeneratousedto performEM

algorithm.
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av. test ER = 17.4%0 = 2.6% (abs. ER = 8.2%) av. train ER = 16.1%0 = 2.8% (abs ER = 7.9%)
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Figure21: Septembemonth: averagetest(left side)andtraining (right side)confusion
matricesof 100 experimentsin which gooddetectompatchesvereused. In theseexperi-
ments,we have randomlyextractedthe 10% of imagesfor testat eachiteration.
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Conclusion

The detectoris ableto detectwith probability of 0.94all pollengrains. It is able
to determinea properboundingbox for the 83% of the pollen grainsthat were
labeledby experts. It detectsalsofor eachpollenten otherparticlesthat arenot
pollen. With the spatialresolutionof ourimagesthis resultsarequite good.

Theclassifierhasanerrorrateof about21% on 8 pollencateyories. A worse
performancas achiezedwhenfalsealarmsareintroducedjn this situationtheer-
ror rateincreasaup to 35%. Thefalsealarmclassis describedy amorecomplex
modelandwe achieve on this cateyory the bestcorrectclassificatiorrate: nearly
90%.

The experimentsaredonein conditionswhich arevery closeto a real situa-
tion. Particularly, we keepthe ratio betweerpollen andjunk particlesat one out
of ten andthe classifierrecevesobjectsin theright proportion. In this way, we
overcomethe difficulty to selectimagesfor training andto classify pollen parti-
clesthatarenot modeledbecauseheir numberis too low.

This systemhasa betterperformancevhenconsideringew pollencateayories.
Thanksto the countsof this lastyearsin Pasadenarea,we know whatkind of
pollen particlescanbe releasedn eachseasorandwe canusethis information
to improve the performanceof the system. For example,in Septembethereis
mainly areleaseof chineseelm andwe achiese anerrorrateof about6%; in Jan-
uarythereareonly threekinds of pollenandtheerrorrateis around17%. These
promisingresultsmake the systemalreadyattractve for a practicalapplicationin
airbornepollenrecognition.

Futur e work

We shouldtry to improve the systemin the way in which we acquirethe data.
A properstandardizegrocedureio setup the sporetrap machinewill allow to
geta databasevith imageshaving a lessvariablebackground.A higherspatial
resolutionwill give a betterperformancean detection,a bettersegmentationof
the pollen grain and also a betterperformancen classification(no junk around
theparticle).In Appendix,thereis alist of “good” imagesthatarealreadyin our
databaseandcanbeusedto setup the sporetrapfor this purpose.
Detectioncanbeimprovedtrying to decreas¢he numberof falsealarmswith

othertests. For example,we could inserta thresholdon the minimum value of
the averagebrightnessansidethe patch;this shouldremove black objects. Color
informationseemdo 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 improvedin orderto
dealwith elongategarticles.For example,pine pollenhastwo blob onthesides.
Oneof theseblobsusuallyfalls out the boundingbox becausehe interestpoint
is onthe otherblob andwe aretrying to fit a circle looking at 5 pointsaroundthe
interestpoint.

Classificatiorcouldbeimprovedlooking for otherkinds of featurethatmight
take into accountinformationaboutcolor andshapeof the particle. A very strong
effort shouldbe doneto improve the performancen thefalsealarmclass.When
theerrorrateon this category will belessthan5% then,the systemwill beready
for apracticalapplicationgiventhe currentperformancef the detectionsystem.
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APPENDIX

Imagesthat could constitutethe kernel for the future databaséhaving a better
spatialresolutionarelisted in tabh 11. The patcheshat were extractedby the
detectorusingtheseimages,areshavn in fig. 22. Eachimagein this setgives
no morethan15 falsealarmswith the currentsystemandhasno morethanthree
pollengrains. Theseimagesarethe 5% of the currentdatabasandthey give the
performanceof detectionshovn in tah 12.
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Figure22: Patchesxtractedautomaticallyby the detectionsystemfrom a setof “good”
images(i.e. imageswith agoodspatialresolution). The arravs shav the patcheghatdo
not have agoodsegmentationthey 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

Tablel1l: Indexesof “good” imagesin eachfolder of the currentdatabase.
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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 sgmented. The percentagef detectionis 100%. If we remove the 6 patcheghat
have a bad sgmentation the percentagef detectionis 98%. The percentagef false
alarmsis 565%.
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