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ABSTRACT

Melissopalynologyisafieldthatstudiespollengrainoriginstoidentifytheirspecies.
Itconsistsofstudyingeitherthechemicalcompositionofeachgrain,ortheirshapes
using microscopic images. This paper presents a system of pollen identification
basedonthemicroscopicimages,itisdividedintotwoparts,firstpartisthepollen
detection using a thresholding method with simulated annealing algorithm. The
secondstepisthepollenclassification,inwhichweuseddeepconvolutionalneural
networktoextractfeaturesfromthedetectedpollengrainsandrepresent themin
numerical vectors, therefore,we canuse thesevectors to classify thembasedon
fullyconnectedneuralnetwork,SVMorsimilaritycalculation.Theobtainedresults
showedahighefficiencyoftheneuralnetworkinwhichitcouldrecognize98.07%
ofthepollenspeciescomparednotjusttoSVMandsimilaritymethods,butalsoto
worksfromliterature.
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INTRoDUCTIoN

Imageanalysissystemsnowhaveanimportantandall-everoriginalplace,firstbecause
theyhaveprovedtheirinterestinareassuchasimagerestorationorthree-dimensional
vision,butalsobecausetheyarebeingjustifiedinotherpreviouslyunexploredareas
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such as diagnostic assistance. Moreover, the image represents one of the richest
sourcesofinformation.Becauseofthevarietyofpossibilitiesthatthisinformation
offers, inamyriadofareas, therehasbeenagreatdealofenthusiasmforresearch
inthefieldofcomputervision,especiallysincetheadventofdigitalimages.Inthis
regard,Numerousresearcheshasbeencarriedoutinthisfield,andremainsoneof
themoststudiedareas.Therearebasicallytwolevelsofautomaticimageprocessing.
Thefirstisalow-leveltreatmentdedicatedtoacquisition,compression,segmentation,
improvementorrestoration.Thesecondlevelisahigh-levelprocessingdedicatedto
symbolicimageanalysisoperations,suchasdescription,recognitionorinterpretation,
in order to extract information (Benaichouche, 2014).Melissopalynology or pollen
analysisofhoney isoneof theareas thatbenefitedgreatly from imageprocessing
and analysis techniques, where melissopalynology is the science that studies the
pollencontainedinhoney,usingamicroscopicexamination(Yang,2014).Inseveral
palynologyresearch,scientistsinterestedinstudyingthedistributionofpollenspecies,
bystudyingthespectrogramofpollendevelopedforagivenregionfromtheresultsof
severalsamples,todeterminethebotanicalandgeographicaloriginofhoney,andto
controlthequalityofhoneyandinparticulartodetectfraudandmixtures(Louveaux,
1970).Nevertheless,theidentificationprocessmaybecomplicatedbecauseofthefloral
morphological similarity ofmanyplant species, this process ismoreoften realize
manuallybyhumanexpertthroughavisualobservationonamicroscope.Inaddition,
themanualclassificationcanbeexpensivetoacquireforahumanbeingbecauseof
particularphysicalconstraintsbeingconcentrationandthetimerequiredforalarge
volumeofimagedata.Therefore,thisprocesscantakeevenmonths(Flenley,1968).
Andbecauseofthehardnessoftothemanualcountingpollenandtheincreaseduse
ofapplicationsofpalynology,therequirementforapollenrecognitionautomationhas
becomeanevidence.Theninthisregard,palynologistscansimplytakeascreenshot
of images observed in the microscope based on visualization system and machine
learningtechniques,andtheycanreducetimefrommonthstohours(Scharring,2006).
Figure1showsthemanualpollenrecognitionprocessdonebybiologists,inwhichthe
biologistmustdetectintheimagethepollenwhichequalstomakethesegmentation
of the image,and isbasedon the informationobservedon thispollennamely: the

Figure 1. Manual pollen recognition process done by biologists
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morphology or the form, the pores and grooves whose number and the provision
differsfromonespeciestoanother.Thedifficultyisthatmanybotanicalspecieshas
asimilarfloralmorphologywhichmakestheprocessesofthepollenrecognitionvery
difficultforthehuman.

Inalgorithmic, imagesegmentationisanimageprocessingoperationthataims
to assign to each pixel of the image a label of belonging to a given region. This
classificationofthepixelscanbecarriedoutinasupervisedorunsupervisedmanner.
In the first case, the segmentation is performed by determining, for each site, the
classwhoseproperties are closest to thoseobserved in it. In this case thenumber
ofregionsandtheircharacteristicsareprovidedbytheuser.Inthesecondcase,the
informationnecessaryforthepixelclassificationprocessmustbeprovidedcompletely
automatically.Hence,thecomplexityofthisproblem.Imagesegmentationisalarge
subject of study. for which various methods of segmentation are proposed in the
literature.However,uptonow,noimagesegmentationalgorithmcanprovideperfect
resultsonavariousimage(Nakib,2007).

Recentlyoptimizationmetaheuristicsandimagesegmentationareamongthemost
activeareasofresearch.Indeed,theproblemofimagesegmentationisformalizedas
acombinatorialoptimizationproblem.Hence,theuseofmetaheuristics.

Metaheuristicsmethodarehighleveloptimizationprocedures,dedicatedtosolving
so-calleddifficultoptimizationproblems.Overthepast20years,metaheuristicshave
receivedincreasinguseandhaveachievedsuccessinvariousfields,andthisisdue
totheircapabilitytosolvelargeandcomplexproblems,theseareusuallyproblems
withnoisy,incompletedata,orlimitedcomputingcapacity.Metaheuristicsareusually
inspired by biology (evolutionary algorithms), ethology (particulate swarms, ant
colonies),orphysics(simulatedannealing)(Talbi,2009).Infact,over thelastfew
years,manystudieshavebeenpresentedwiththeaimtointroducemetaheuristicsin
thefieldofimageprocessing,thisallowedtostudythesegmentationunderadifferent
angle.Theresultsinthisdomainshowagreatimprovementbyprovingthecapacity
oftheproposedideas(Siarry,2013).

Deeplearningisasetofmachinelearningtechniquesthathasrecognizedrecently
greatprogressinthefieldofimagerecognition.Itallowsacomputertobetterrecognize
objects highly deformed, which made these applications more widely used in the
automaticpatternrecognition(LeCun,2015).

Thresholdingisoneoftheimagesegmentationmethodsthathavebeenrecognized
greatsuccessinextractingobjectsfromthebackgroundoftheimage.Thesemethods
supposedthatgraylevelsareameasureusedtodistinguishamongdifferentpartsof
theimage(Bolon,1995).

Inthisview,ourpaperisstructuredasfollows.Insection2,wecitedsomeworks
that has relation with our study fields. Section 3 gives details about the proposed
approachbygivingaglobalarchitectureanddescribingdifferentpartsofit.Section
4presentstheobtainedresults,firstwedefinedtheuseddatasetinexperiments,and
thenweillustratedthegivenresultsindetails,afterthat,wecomparedtheseresults
withothersfromliterature.Finally,section5givesmajorconclusionsandfutureworks.
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VIEw oF LITERATURE

Recently, pollen automatic recognition is one of the interesting and challenging
tasks. Fernandez et al. in (Fernandez, 2003) compared four methods (minimum
distanceclassifier(MDC,usedinthepreviouswork),KNearestNeighbors(KNN),
MultilayerPerceptronNeuralNetwork(MLP),andSupportVectorMachine(SVM))for
classificationof100pollenloadscollectedinthreeplacesbasedontheirtexturefeatures
extractedusingLocalLinearTransformations,theirproposedsystemreaches76%of
wellclassifiedspecies.In(Li,2004),authorsconductedthreedifferentexperiments,
the firstone theyusedpollen images for4 species. In the secondexperiment they
used13specieswithintegrationoftheirgeometricinformation.Thethirdexperiment
consistedofusingtexturefeaturesof the13species.In theseexperiments,authors
claimedthattheygotverygoodresults(upto100%ofwellclassifiedpollenspecies).

Withthebirthofnewapproachescalleddeeplearning,pollenrecognitionwasone
ofthefirstfieldthatknewahighnumberofresearchesbasedonthesetechniques,
Daoodetal.(Daood,2016)usedatransferlearning-basedtechnictoextractknowledge
frompre-trainedneuralnetworks,thisapproachwasusedtorecognize30pollenspecies
fromlargedatasetsofimages.Theobtainedresultsconvergedto94%.Sevillanoetal.
(Sevillano,2018)presentedthreeapproachesbasedonconvolutionalneuralnetwork
appliedonPollen23Edataset.The firstmethodwas theuseof transfer learning to
recognize pollen species. The second approach consisted of using neural network
to extract features from images and then classify these features, while the second
approachwasahybridapproachofthetwofirstones.Theclassificationrateinthis
approachachieved70%.

Infieldofmetaheuristics,simulatedannealingisonethesuccessfulapproaches
thatisusedtosolvemanyproblemsinvariousareas.Inimageprocessing,simulated
annealingknewahighnumberofpublications,forexamplein(Wang,2018),simulated
annealing was used for image encryption, in which it was combined with chaos
algorithm,theproposedalgorithmconsidersthegenerationofrandomsequenceasa
problemseekingforoptimalsolutionandthenusesthesimulatedannealingalgorithm
tofurtherobtaintheoptimalpseudorandomsequences.Fengetal.(Feng,2013)used
simulatedannealingalgorithmtoenabledynamicoptimizationofthecellularautomata
transitionrules,thisapproachwasappliedtofacilitatetheconfigurationofthespatio-
temporalprocessofurbanland-usechange.

PRoPoSED APPRoACH

Simulatedannealingisamethodinspiredfromthephysicalprocessofheatingmaterials
thenslowly lowering their temperature tocontrol theenergyeffects.Theartificial
algorithm consists of initializing a high temperature value, and then decrease this
valueuntilastoppingcriterionachieved.

Inthiswork,weproposedathresholdingmethodbasedonsimulatedannealing
algorithm for image segmentation in order to detect pollen grains in images. The
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power of this approach is that it avoids exploring the whole image’s pixels, since
simulatedannealingprocessallowmovinginamannerthatpixelsofpollengrainhave
moreprobabilitytobeexplored.Thisisregardtoitsprinciple,theselectionofnew
pointinaniterationisbasedonprobabilitydistributionwithscaleproportionaltothe
temperature.Thenextselectedpointshouldbeapointthatlowertheobjectiveusing
aprobability,andbyacceptingpoints that raise theobjective,simulatedannealing
exploresmorepossiblesolutionsratherthantrappinginlocalminima.Thetemperature
decreasingisdonebasedonanannealingschedulethatisselectedsystematicallyin
ordertoreducetheextentofitssearchtoconvergetoaminimum.

Theselectionusuallyisdoneusingthefollowingformula:

Simulatedannealingvalue=e
f f

temperature
current next−( )



wherefcurrentistheobjectivefunctionofthecurrentposition,andfnextistheobjective
functionofthenextpossibleposition.Inourcase,theseobjectivefunctionsarethe
greyvalueofpixelssinceapixelisanindividualinthesimulatedannealingalgorithm,
anditisrepresentedbyitspositionsinlineandcolumnintheimage.Figure2shows
thearchitectureoftheproposedsimulatedannealingalgorithm.

AsseeninFigure2,theproposedsimulatedannealingalgorithmtakesaninitial
valueoftemperature,sincewearedealingwithgreyvalueofpixels,theinitialvalue
of the temperaturewas thegreatestgreyvaluepossible inany imagewhichequals

Figure 2. Architecture of the proposed simulated annealing algorithm
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255.Then,weevaluateeachpixelusingsimulatedannealingformula,afterthatwe
chooserandomlyapixelthathasavaluelessthanafixedthreshold.Afterchoosing
thepixel,we lookfor thenextposition, inwhichwereduce the temperatureusing
thefollowingformula:

Temperature Temperature
nextPixel currentPixel

= � *0 8. 

Theaimofreducingthetemperatureistoreducethenumberofpossiblepixels,the
value0.8waschosenbyexperimentsinamannerwereducedthetimecomplexityof
pollendetection.Afterthat,weevaluateallunvisitedpixelsfrompreviousiteration,
thenweselectrandomlyapixelwithsamecondition,thisprocessrepresentsaniteration
intheproposedsimulatedannealingalgorithm.Inotherwords,ineachiterationof
oursimulatedannealing,wedealtwithonepixel,itonlyconsistsofselectingapixel,
evaluateitusingsimulatedannealingformulawithathreshold,andthenclassifyit
eitherapollenorabackgroundpixel.Werepeatthisprocessuntilastoppingcriterion
achieved,thestoppingcriterioninourcaseisthatthereareanypixelsthatverifythe
condition(simulatedannealingformula<threshold),finally,theselectedpixelsinall
iterationareconsideredaspollengrainpixels,wheretherestarebackgroundpixels.
Table1showsexamplesbeforeandafterpollendetectioninimages.

Table 1. Examples of pollen detection results using simulated annealing algorithm
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After detecting pollen grains, the resulted images are classified using deep
convolutional neural network, in which we used alexNet architecture proposed
by (Krizhevsky,2012),where theyused5 layers forconvolutionalcomputation
to extract features from each image using ReLu calculation and pooling for
dimensionality reduction, finally they represented features extracted in 2048
vectors, and used them as input for 3 fully connected layers responsible for
classificationofthesevectors.Toretrainthemodel,weused600imagesfromthe
datasetchosenrandomly,andtherestwereusedastestset.

EXPERIMENTATIoNS AND RESULTS

Thefollowingsectiondiscussestheobtainedresults,butbeforewepresenttheused
datasetinexperiments.

Pollen23E Dataset
Pollen23E dataset (Gonçalves, 2016) comprises a total of 35 images for each
type of pollen taken at different angles. Thus, the POLEN23E dataset has 805
images. The images were captured with a digital Bresser LCD microscope at a
40xmagnification.Thebestpicturesweretransferredtoalaptopandsegmented
usingtheCorelDRAW1software.

obtained Results
InTable2,wediscusstheobtainedresults,inwhich,webasedonthebesttraining
accuracy,thebestvalidationaccuracy,bestcrossentropyandtestaccuracytoevaluate
theeffectofnumberofiterationsonpollengrainsclassification.

AsseeninTable2,numberofiterationsaffectedtheobtainedresultsinamanner
thatifweaddmoreiterations,neuralnetworkbuildsbettermodels.Andthisisclear
intermsoffirstthreemeasures:

Table 2. Obtained results of pollen recognition using CNN

Number of Iteration Training 
Accuracy Cross Entropy Validation 

Accuracy Test Accuracy

100 100 0.71 89 90.6

200 100 0.61 91.4 95.1

500 100 0.26 91.9 96.6

1000 100 0.14 93 96.6

1500 100 0.09 94.42 97.14

2000 100 0.07 96.5 97.91

2500 100 0.05 96.99 98.07

4000 100 0.03 97 98.07
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• In terms of Training accuracy:Thismeasure is theaccuracyofapplying the
modelonthetrainingdata,itisusedtoevaluatethemodelduringbackpropagation
stepsinordertoimprovethemodel.InTable2andFigure3,wecitedthebest
trainingaccuracyobtained,asseen,themodelisperfectsinceitcorrectlyclassified
100%oftrainingdata.Itbeganwithaveryloweraccuracythenimprovedtoreach
100%,andthisisbecauseweusedalreadytrainedmodel,thenitretraineditself
byadapting itsweights in thefullyconnected layers, inotherwords, ifweuse
more iterations, the model can adapt its weights better which made the pollen
recognitionmoreefficient;

• In terms of Cross Entropy:Whenweusecrossentropylosswhiletrainingneural
networks, we actually calculate the score function every time when compute
gradients for the weights in the network. So, the objective is minimizing this
measure,asseeninTable2andFigure4,whenweaddedmoreiteration,theneural

Figure 3. Training accuracy progression based on number of iterations



International Journal of Agricultural and Environmental Information Systems
Volume 10 • Issue 4 • October-December 2019

26

networkminimizedthecrossentropywhichmeanswegotbettermodels.Itbegan
withaveryhighentropy then improved themodel todecrease to0.2, and this
isbecauseweusedalreadytrainedmodel,thenitretraineditselfbyadaptingits
weightsinthefullyconnectedlayers,inotherwords,ifweusemoreiterations,
themodelcanadaptitsweightsbetterwhichmadethepollenrecognitionmore
efficientandminimizedtheinformationloss;

• In terms of Validation accuracy:Thismeasureistheaccuracyofapplyingthe
modelonthevalidationdata,astrainingaccuracy,itisalsousedtoevaluatethe
modelduringbackpropagationsteps inorder to improve themodel. InTable2
andFigure5,wecitedthebestvalidationaccuracyobtained,asseen,themodelis
perfectsinceitcorrectlyclassified90.6%to100%oftrainingdata.Itbeganwith
averyloweraccuracythenimprovedtoreach100%,andthisisbecauseweused
alreadytrainedmodel,thenitretraineditselfbyadaptingitsweightsinthefully

Figure 4. Cross entropy progression based on number of iterations
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connectedlayers,inotherwords,ifweusemoreiterations,themodelcanadapt
itsweightsbetterwhichmadethepollenrecognitionmoreefficient;

• In terms of Test accuracy:Thismeasureis theaccuracyofapplyingthefinal
modelonthetestdata,itisusedtoevaluatethepredictionofnewimages.Figure
6showsthecomparisonoftestaccuracyaccordingtonumberofiterations.

InourcaseFigure6, themodelrecognized90.6%of test imageswhenwe
built a model in 100 iterations, while it was improved when we augmented
thenumberof iterations to500 iterations to recognize96.6%up to98.07%of
pollengrains,thenitbecamefixeddespitethemodelhasbeenimprovedbased
onpreviousmeasures.

Tobetterevaluatethedetectionofpollengrains,wetestedclassificationofvectors
obtainedusingconvolutionalneuralnetworkfromtheobtainedimagesfromsimulated

Figure 5. Validation accuracy progression based on number of iterations
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annealing,inwhichweusedasimilaritycalculationbetweentrainingsetandtestset
thenweusedSVMalgorithmforthetaskofclassification.

Forsimilaritycalculation,weuseddistancesareManhattanandEuclidean:

Manhattan(X,Y)=∑ −x y
i i



Euclidean(X,Y)= ∑ −( )x y
i i

2


wherexisatrainingimage,yisatestimage,xiistheithpixelofthetrainingimage
andyiisithpixelofthetestimage.

Toclassifyatestimage,wecalculateditssimilaritywitheachoftrainingimages,
then we classified it by the most similar image. And for SVM, we implemented
sequential minimal optimization (SMO) algorithm for training a support vector
classifierusingwekaAPI.TheevaluationwasdonebasedonAccuracy,Precision,
Recall,andFmeasure.

obtained Results Using Similarity and SMo for Classification
In the experiments, we represented images using two ways, first, when simulated
annealing detected a pollen pixel, it kept its grey level value, while in second
experiment, we represented images using binary mask (black for background and
whiteforpollen).Figure7showsthedifferencebetweenthetworepresentationsof
thesameimageinthedataset.

In Table 3, we detail the obtained results of images classification of each
representation using the similarity, based on measures mentioned above. Table 3
showsthecomparisonofdifferentdistancesusedtoclassifydifferentrepresentations.

Figure 6. Test accuracy according to iteration numbers
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AsseenonTable3,ManhattandistancegavebetterresultsthanEuclideandistance,
the resultsproved the efficiencyof image segmentation indifferentiatingbetween
imagesrepresentedusinggreylevel,while the twodistancesgavethesameresults
whenwerepresentedtheimagesusingbinarymasks,thatwasbecausebinarymask
representationmeansthatapixelhasonlytwovalues,either0or1.Whileusinggrey
levelrepresentation,wegaveanintervalforeachpixelfrom0to255,whichhelped
Manhattandistancetofinddifferencesamongimagesmoreprecisely:

• In terms of accuracy: Manhattan distance recognized 87.3% of the images
correctlywhenwerepresentedthemusinggreylevelrepresentation,butEuclidean
distancecouldrecognizeonly79.5%ofallimages,whichwasremarkable;

• In terms of Precision:Precisionisameasurethatwasusedtoknowhowwellthe
systemwasrespondingtoarequestfromnewclassificationsofpollengrains.Inour
case,wehavecalculatedtheweightedprecisionaverage,whichshowshowwellour
systemcouldpredictthespecieofapollengrainthatreached0.933ofprecision
whenweclassifiedimagesrepresentedusinggreylevelandSMOalgorithm,but
whenwerepresentedimagesusingbinarymasks,theresultsdecreasedto0.883;

Figure 7. Representation of images from Pollen23E dataset: (a) Represents the original image; (b) Represents 
pollen detected with the grey level; (c) Represents pollen detected with binary mask

Table 3. Obtained results based on distance calculation and SMO

Representation Algorithm Accuracy Precision Recall Fmeasure

GreyLevel

Manhattan 87.3 0.872 0.872 0.872

Euclidean 79.5 0.786 0.798 0.791

SMO 93.4 0.933 0.934 0.934

BinaryMasks

Manhattan 80.9 0.754 0.756 0.755

Euclidean 80.9 0.754 0.756 0.755

SMO 88.2 0.883 0.881 0.882
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• In terms of Recall:Recallisameasurethatwasusedtoknowhowwellthesystem
was responding to a request from the original classifications of pollen grains.
Inourcase,whenwerepresentedimagesusingbinarymasks,thetwodistances
couldclassifycorrectly75.6%fromtheoriginalclassificationofallimages,while
usinggreylevel-basedrepresentationimprovedtheobtainedrecalltoreach0.798
usingEuclideandistanceforclassification,and0.872usingManhattandistance;

• In terms of Fmeasure:Fmeasureisametricusedtomeasurehowwellthesystem
canrecognizeelementsaccordingtoarequestfrombothnewclassificationsand
originalclassifications,inotherwords,thefmeasurecombinesprecisionandrecall
basedontheharmonicmeanofthetwo.BecauseFmeasuredependsonprecision
andrecall,itsvalueswererelatedtothem.Theobtainedfmeasurewasvaryfrom
0.791obtainedforclassificationofgreylevel-basedpollengrainsrepresentation
usingEuclideandistance,upto0.934usingSMOtoclassifythesameimageswith
grey-levelrepresentation.

TheseobtainedresultsshowedtheefficiencytheManhattandistancecompared
to Euclidean distance, and this due to the dimensionality of the vectors, since we
didnotapplyanydimensionalityreductionalgorithm,alsoallimageswereresized
to 368x368, our vectors dimensionality contained 135424 values. The reason for
thisisquitesimpletoexplain.WeknowthatthetwodistancesbelongtoMinkowski
distancesgivenasfollows:

Minkowski(X,Y)= ∑ −






x y

i i

n 1

n


whereXandYarehighdimensionalityvectors.
Ifweconsiderthatn=∞,thenthedistanceisthehighestdifferencebetweenany

twodimensionsofthevectors.So,inthiscase,wecanseethatwhenweaddmore
attributestothedataset,mostofthemwillbeignoredifnisgreater.So,forvectors
withhighdimensionality,byreducingthevalueoftheexponentn,wegivetofeatures
abiggerroleinthedistancecalculation.Ahighdifferenceinsomegivendimension
willbelessrelevantiftheexponentislower.

CoMPARATIVE STUDy

To better validate our proposed approach, we compared it with results obtained
by (Gonçalves, 2016), where authors used two feature extraction techniques for
representationofPollen23Especies:Color,ShapeandTexture(CST),BagofVisual
Words (BOW), and their combination. For evaluation, they used four supervised
techniquesSequentialMinimalOptimizationalgorithmfortrainingaSupportVector
Machine (SMO), Support Vector Machine (C-SVC), K Nearest Neighbors (KNN),
andDecisionTree(C4.5).Theyfoundthatcombinationofthetwofeatureextraction
techniquesgavethebestresultsusingsupportvectormachine-basedapproaches(SMO
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andC-SVC).Figure8showsthecomparisonbetweenpreviouslyobtainedresultsand
thoseobtainedbyourapproachintermsoffmeaure.

Also, we compared the obtained results with (Arias, 2017), in which authors
extracted3features(Localbinarypatterns(LBP),autocolorcorrelograms(ACC)),
and Weber Local Descriptor (WLD) from Pollen23E, authors used 4 approaches
for classification of each extracted characteristic (SVM, Random Forest, logistic
regression,andensembleclassifiers),andinthesecondtableweseetheresultobtained
afterthecombinationofeachDescriptorwith4classifiersusedthecomparisonwas
done based on the accuracy. Figure 9 shows the comparison of the best obtained
accuracybyourproposedapproachandthebestaccuracyobtainedin(Arias,2017).

AsseeninFigure8andFigure9,ourproposedapproachachievedbetterresults
thanthoseobtainedinliterature,Gonçalvesetal.in(Gonçalves,2016)usedfeature

Figure 8. Comparison of the obtained fmeasure with fmeasure obtained in (Gonçalves, 2016)

Figure 9. Comparison of the obtained accuracy with accuracy obtained in (Arias, 2017)



International Journal of Agricultural and Environmental Information Systems
Volume 10 • Issue 4 • October-December 2019

32

extractiontechniquestogetcolors,shapeandtexturesofpollengrainsfromimages,
while(Gonçalves,2016)usedapproachesbasedondescriptorextractionbygetting
threedescriptors.Thesetwotechniquescausedinformationloss,especiallyforspecies
thathavecolorsslightlysimilartothebackground,whileourapproachgenerateda
thresholdbasedongreylevelofeachimage.Thedetectionofpollengrainwasthan
easyandbydoingthatweminimizedinformationloss.Asaresult,asimplesimilarity-
basedalgorithmcouldcorrectlypredictabout83%ofthepollenspecies,andwhen
weusedSMOforclassification,thesystemrecognized87.3%ofthepollenimages
correctly. InFigure8wecomparedourobtainedresultswith theonesobtainedby
(Arias,2017),alsotheFigure9provedtheefficiencyofoursystem,sinceCNNand
SMOcouldpredictmorethan90%ofthepollenspecieswhiletechniquesproposed
by(Arias,2017)couldpredict74%ofthespecies.

OneofthemostrecentworkswasdonebySevillanoetal.(Sevillano,2018)where
authorsusedtheconvolutionalneuralnetworkforclassificationofpollengrainimages.
Theyused threedifferent setups, the firstonewasbasedon featureextractionand
lineardiscriminantclassifier(FE+LD),thisapproachconsistsofextractingfeatures
fromimagesusingpre-trainedAlexNetneuralnetwork, thenclassify thesevectors
using lineardiscriminantclassifier.Thesecondsetupwascalled transfer learning,
Inthissetup,thepre-trainedCNNAlexNethasbeenadjustedtolearntheparticular
featuresofthePOLLEN23Eimagesdatasetbyreplacingthelastthreelayersbyother
fully connected layers forprediction23classesofPollen23E.The third setupwas
ahybridapproachof the towsetupsmentionedwhereauthorsusedretrainedCNN
for extraction of features from its fully connected layers then classify them using
lineardiscriminantclassifier.SinceSevillanoetal.usedPollen23Edatasetintheir
experiments,wechosetocompareourobtainedresultsfromtheCNNapproachwith
theirobtainedresultssincetheyhaveusedoriginalimageswithoutdetectingthepollen
inthem,especiallythesetupB,whichisthesameCNNusedinourexperiments.Table
4showsthecomparisonbasedonaccuracyandtrainingtimegivenknowingthatall
approacheswerereimplementedinthesameconditions(machine).

Asseen inTable4,accuracyobtainedbyourproposedapproach (90.6%up to
98.07%)convergedtoresultsgivenbySevillanoetal.(95.5%upto96.3%)knowing
thatforSevillanoapproach,weused4000iterationinCNN.DespiteSevillanogave
better results,wehave improved the training time inourapproach, that isbecause
Sevillano used linear discriminant classifier which took more time for training a
modelthatcanpredictpollengrainspecies.Thetableprovedthatusingourapproach,
weneed2500iteration inalmost8minutes to trainCNNforpredictionof98.07%
ofcorrectly,whileSevillanoneedsat least11minutes tobuild themodel thatcan
predict95.5%correctly.

CoNCLUSIoN

Melissopalynologyisafieldthatconsistsofstudyingthepollengeographicallocation
and itsorigins fromgenusofplantsvisitedbybees. In thispaper,wepresenteda
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systemforrecognitionofpollengrainsbasedontwosteps,first,wedetectedpollen
grainsinimagesusingathresholdingtechnicbasedonsimulatedannealingalgorithm,
then,weclassifiedthedetectedpollenusingdeepconvolutionalneuralnetworkthat
wasdividedinto8layers(5convolutionallayerstoextractfeaturesfromimages,and
3 fullyconnected layers toclassify theobtained features).Featuresextractionwas
donepoolingandReLUnonlinearitiesconvolutionalcomputation.

Byapplyingclassicalthresholdingmethods,wemoveamongpixelsrandomly,so
wehaverisksofpassingbythesamepixelmanytimes,inourcaseweavoidedthat.
Also,byusingsimulatedannealingalgorithm,wecansaythatweclustereachpixel
(classifyiteitherpollenorbackgroundpixel)inoneiteration,whileusingk-means
algorithm,wehavetochooseapollenpixelandbackgroundpixelascenters,andthen
weclusterthepixelsinmanyiterationsuntilbothclustersarefixed.Inotherwords,
weoptimizedthepollendetectioncomplexitycomparedtok-meansalgorithm.

Theobtainedresultsprovedtheefficiencyofdeepconvolutionalneuralnetworks
forpollengrainsclassification,whichisclearintermsoftrainingaccuracy,validation
accuracyandcrossentropy,inotherhand,wesawthattheproposedapproachavoid
theunderfitting,thisisprovedbythevalidationaccuracythatwaslowerthantraining
accuracy.Also,wediscussedtheuseofsupervisedclassificationtechniques(SMO
andsimilarity-basedclassification)forimageclassificationtopredictthespecieof
eachpollen,butfirst,werepresentedthedetectedpollengrainsusingtwomethods,
grey-levelbasedrepresentationwherewekeptgreyvalueofeachpixel,andabinary
mask-basedtechnique,whereapixelcouldhaveonlytwovalues(1or0).Theproposed

Table 4. Comparison of the obtained results by our proposed approach and results given by Sevillano et 
al. (Sevillano, 2018)

Algorithm (CNN) Accuracy (%) Training Time (min)

Ourproposedapproach(100iteration) 90.6 1.10

Ourproposedapproach(200iteration) 95.1 2.02

Ourproposedapproach(500iteration) 96.6 2.57

Ourproposedapproach(1000
iteration) 96.6 4.52

Ourproposedapproach(1500
iteration) 97.14 6.03

Ourproposedapproach(2000
iteration) 97.91 7.3

Ourproposedapproach(2500
iteration) 98.07 7.59

Ourproposedapproach(4000
iteration) 98.07 11

Sevillanoetal.(SetupA)(FE+LD) 95.5 11.52

Sevillanoetal.(SetupB)(TL) 95 17.01

Sevillanoetal.(SetupC)
(TL+FE+LD) 96.3 17.18
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approach proved its efficiency in pollen recognition in terms of four performance
measures(accuracy,precision,recallandfmeasure).Also,comparedtoresultsfromthe
literature,Simulatedannealingprovedthatismoresuitableforpollenclassification.
Itsdisadvantageislayingonthecomplexity,moretheimageisbigger,moretimeour
approachtakestodetectthepollengrain.

Forfutureworks,weplannedtodevelopmoreapproachesforimagesegmentation
isplanned.Inourexperiments,wedidnotuseareductionofdimensionalitymethods,
we just classified imagesby theiroriginal sizes,which tooka lotof time.So,our
mainworkisincludingsuchtechniquestoreducedimensionsofimagesintheglobal
proposedapproach.
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