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ABSTRACT

According to the characteristics of NIR spectral data, a complete general framework for origin
identification is proposed. It includes steps such as data preprocessing, feature selection, model
building,andcrossvalidation.Theauthorscomparemultiplepreprocessingalgorithmsandmultiple
machinelearningalgorithmsundertheframework.BasedonNIRspectroscopytoidentifytheorigin
oforange,agoodidentificationresultwasobtained.Theyimprovetheaccuracyoforangeorigin
identificationandobtainthebestoriginidentificationaccuracyof92.8%.
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1. INTROdUCTION

Asafast,accurate,convenientandnon-destructiveanalysistechnology,near-infraredspectroscopy
analysis technology has been widely used in agricultural product quality detection and origin
identification. It isconsidered tobeanon-destructive testingmethod that isexpected to replace
traditionalchemicalanalysis(Caligiani,Palla,Acquotti,Marseglia&Palla,2014;Sádecká,Jakubíková,
Májek&Kleinová,2016;Li,Nunes,Wang,Williams,Zheng,Zhang&Zhu,2013;Chen,Lin,Wu,
Wang,Wu&Tan,2015).Atpresent,theidentificationtechnologyoforangeoriginbasedonnear-
infraredspectroscopyisstillrelativelytime-consuming,laboriousandnotaccurateenough.There
isstillabiggapbetweenitscompleteness,systemandoperabilityandactualapplication.Howto
establishaneffectivetechnicalsystemthatcanquicklyidentifytheoriginoforangehasanimportant
roleinthehealthydevelopmentoftheorangeindustryinmycountry(Cao,Liang,Xu,Hu,Zhang&
Fu,2017;Diniz,Gomes,Pistonesi,Band&Araújo,2014).

2. MACHINe LeARNING-BASed NIR SPeCTROSCOPy 
ORANGe ORIGIN IdeNTIFICATION FRAMeWORK

Inthispaper,auniversalframeworkforrapidandnon-destructiveidentificationoftheoriginoforange
isestablishedbythespectralanalysistechnologybasedonmachinelearning.Thespecificprocessis
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showninFigure1.First,thepreprocessingalgorithmisusedtoshapethespectrumtoreducenoise,
therebyreducingtheinterferenceofthenoiseintheoriginaldatatotheclassifier;Secondly,thePCA
methodisusedtoextractthefeaturesofthedenoisedNIRspectrum,soastoreducethedimension
ofthehigh-dimensionaldatatoanappropriatedimension;Then,usethefeatureselectionalgorithm
toperformproperfeatureselectiononthereduced-dimensionalspectraldatatofacilitatefasterand
more accurate learning of the classifier; Finally, choose different classifiers, and select the best
classifiertobuildaspectralrecognitionmodelunderaunifiedtrainingframeworkandperformance
evaluationindex(Ren,Wang,Ning,Xu,Wang,Xing,Wan&Zhang,2013;Zhao,Guo,Wei&Bo,
2013;Shen,Zou,Shi,Li,Huang&Xu,2015;Wang,Yan&Yang,2015;Asir,Appavu&Jebamalar,
2016;El-Bendary,El,Hassanien&Badr,2015).

2.1 Spectral denoising
Thenear-infraredspectrumdataisusuallycollectedmanuallybyaspectrumanalyzer.Itisinevitable
thattherewillbealotofnoise.Theirsourcesincludebackgroundnoise,straylight,lightscattering,
internalresponseoftheinstrument,manualoperationerrors,andsoon.Thesenoiseswillcausea
certainamountofinterferencetotherealdata,leadingtothelossofdatacharacteristicsandeventhe
baselinedriftofthenear-infraredspectrum.Therefore,denoisingthecollectedoriginalnear-infrared
spectra is avery importantpart in theprocessof spectral analysisand testing.Commonspectral
denoisingalgorithmsincludesmoothing,N-orderderivatives,numericalnormalization(maximum
andminimumnormalization),StandardNormalVariants(SNV)(Magwaza,Opara,Terry,Landahl&
Bart,2016),MultiplicativeScatterCorrection(MSC))(Teye,Huang,Sam-Amoah,Takrama,Boison,
Botchway&Kumi,2015)andOrthogonalSignalCorrection(OSC)(Xudong,Hailiang&Yande,2016)
andsoon.Amongthem,thesmoothingandderivativemethodsaremoreconducivetoremoving
backgroundnoiseandbaselineinterferencetoimprovethesignal-to-noiseratio.Normalizationis
oftenusedfortheprocessingofsampleswithdifferentmixingdegrees.Standardnormalvariable
transformationandmultivariatescatteringcorrectionaremainlyusedtoeliminatetheinfluenceof
solidparticlesize,surfacescatteringandopticalpathchangesonthediffusereflectancespectrum
(Bao,Liu,Kong,Sun,He&Qiu,2017;Hue,Gunata,Bergounhou,Assemat,Boulanger&Sauvage,
2014;Wang,Hu&Xie,2014;Srivichien,Terdwongworakul&Teerachaichayut,2015).

Figure 1. Frame diagram of NIR spectrum origin identification and identification based on machine learning
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Inthisarticle,wemainlyusetheSavitzky-Golayconvolutionsmoothingmethodtopreprocessthe
collectedorangespectra(Sánchez,De,Serrano&Pérez-Marín,2016).Savitzky-Golayconvolution
isapolynomialregressionalgorithmimplementedbyusingalocalslidingwindow.Theprincipleis
torealizebyreplacingtheoriginalinterferedspectrumvaluewiththeaveragevalue.Themeanvalue
isnotsimplyobtainedbyaveraging,butapolynomialfittingthatismostsimilartotherealsignalfor
thevaluetobereplacedthroughalocalmovingwindow,sothattheoriginallydisturbedspectralvalue
canbecorrectedtoamorereasonablesignalvalue.Theessenceoftheapproximationprocesscanbe
regardedasaweightedaveragemethod(Pissard,Fernández,Baeten,Sinnaeve,Lognay,Mouteau,
Dupont,Rondia&Lateur,2016;Moscetti,Haff,Stella,Contini,Monarca,Cecchini&Massantini,
2017;Lu,Castillo,Chiang&Edgar,2014;Kucheryavskiy&Lomborg,2015).

Inthisarticle,weusethreedenoisingalgorithms:SGsmoothingmethod,first-orderandsecond-
orderSGsmoothingderivatives,toobtainapproximatedenoisedorangeNIRspectraldata,sothat
theidentifiedmodelcanexpressthecharacteristicsoftheNIRspectrumoforangemoreaccurately.

2.2 Feature extraction Based on Principal Component Analysis
Inchemicalandspectralanalysis,PrincipalComponentAnalysis(PCA)isoneofthecommonfeature
extractionmethodsusedinhigh-dimensionaldata(deOliveira,Bureau,Renard,Pereira-Netto&de
Castilhos,2014).Inthisarticle,throughPCAoperation,wecanreplacethousandsoforiginalNIR
spectraldatawithasmallamountofdataPrincipalComponents(PCs).Thesenewfeaturesarelinear
combinationsofthepreviousoriginaldata.Atthesametime,theselinearcombinationsalsomaximize
thevarianceofthesampleasmuchaspossible,sothatthenewfeaturesarenotcorrelatedwitheach
other,sothatthediscriminatoryclassifiercanlearnvarioussamplesmoreaccurately.Inordertoretain
moredata,atotalof1500dataoftheoriginalspectraldistributionfromthe1000-2500nmspectral
rangewerecollectedandusedtoestablishtheidentificationmodel.

Infact, thevalueof theprincipalcomponentcanberegardedas theresultofprojecting the
pointsonthedatasetinthedirectionofthefeaturevector.Thefeaturevectordeterminesthedegree
of correlation between the principal component and the original data set. After projection, the
informationintheoriginalfeaturespaceisconcentratedinthelargerpartofthePCAresult.Atthe
sametime,thenoiseinformationisalsoaveragedintoeachfeaturevector.Therefore,thePCAmethod
reducesthedimensionalityofthedatawhileremovingredundantinformation.Thelargerthefeature
valuecorrespondingtotheprincipalcomponent,themoreimportanttheinformationitexpresses.
The principal components corresponding to the smaller eigenvalues can be ignored in practical
applications.Afterselectingthenumberofprincipalcomponents,thediscriminantclassifiercanbe
fullytrainedwithoutbeingdisturbedbytoomanyprincipalcomponentswithnoise.Inthisarticle,
wewillbuilddifferentmodelsfordifferentprincipalcomponents,soastoselectthebestnumberof
principalcomponentstoachievethehighestrecognitionaccuracy.

2.3 Feature Selection Based on Information entropy
AfterPCAdimensionalityreduction,wehaveobtainedthemosteffectivefeatureforexpressingthe
originalspectraldata.However,thePCAmethoddoesnothaveclassificationinformation,which
meansthatitonlyconsiderstheprojectiondirectionthatcanretainthemostoriginaldata.Whenthese
differenttypesofdataareprojectedinonedirection,thedistinguishingfeaturesmaybeconfused.For
example,inthecommonlyusedcharacterrecognition,whenweusethePCAmethodtorecognize
theletters“Q”and“O”,becausePCAmoreconsidersthecommonalityofthetwotypesofletters.
Therefore,whendeterminingtheprojectiondirection, the“tail”featureof thekeydistinguishing
partofQmaybediscarded,whichreducestherecognitiondegree(Park,Liu,Philip,Jeong&Jeong,
2016;El-Bendary,ElHariri,Hassanien&Badr,2015).

Thepurposeoffeatureselectionistoselectthemostdiscriminativefeaturesinthefeaturespace,
therebyimprovingtheperformanceoftheclassifier.Featureselectioncanbedefinedas:fromthe
Nfeaturesofagivensample,selectasubsetcontainingMfeatures,M<N.Whenusingtheselected
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feature subset M for classification training and prediction, under a certain evaluation index, the
classificationaccuracyishigherthanthepreviousclassifierusingNfeatures(Fayoumi&Hajjar,2020;
Cheng,Zhang,Wang,Zhao,Yu,Wang&dePablos,2021).

Featureselectioncanberoughlydividedintofourbasicsteps:①Generationoffeaturesubset:
determinehowtogeneratethenextfeaturesubsettobeselected;‚Evaluationcriteria:judgewhether
theselectedfeatureisbetterthantheexistingfeatureset;ƒStopcondition:decidewhentoterminate
thefeatureselectionprocess;„Verifyfeatureset:verifywhether theselectedsubset isvalid.The
processisshowninFigure2.

Intheoriginalfeatureset,thereareusuallyNdifferentfeatures,sothetotalnumberofcandidate
featuresubsetscanbeobtainedas 2N (Fiorini,2020).Ifverificationisperformedoneachsubset,
evenifNisnotlarge,itoftentakesalotoftime.Therefore,thegenerationoffeaturesubsetsand
evaluationindicatorsarethekeypointsinfeatureselection.Inthisarticle,weuseafeatureselection
algorithmbasedoninformationentropytofilterthespectralinformationafterdimensionalityreduction,
soastoselectthedatathatismostconducivetothetrainingoftheclassifier.

2.4 discriminative Classifier
Theconstructionofclassifiersisthecorecontentofmachinelearningtheoryandthemainmeans
torealizenear-infraredspectroscopyanalysisbasedonmachinelearning(Pandey&Banerjee,2019;
Gangadhar,Hota,Rao&Rao,2019).Throughthelearningoftheselectedfeatures,theclassifier
canconstructasuitableidentificationmodeloftheorigin,soastorealizetheclassificationofthe
origin of orange. Different classifiers often have different characteristics(Al-Qerem, Alauthman,
Almomani & Gupta, 2020). Even if the same data set is used for training, the results are often
different.Inthisarticle,wemainlyusecommonclassificationalgorithmsindataminingtobuild
ouroriginidentificationmodel.TheseincludenaiveBayes,decisiontrees,K-nearestneighbors,and
lineardiscriminantmethods(Wang,Li,Li,Gupta&Choi,2020).Intheexperimentalresultsstage,
wewillcomparetheperformanceoftheseclassifiers.

2.5 Classifier Cross-Validation and Performance evaluation
Inordertotesttheperformanceoftheclassifier,werandomlydividethesamplesetintotwosets
oftrainingsamplesandtestsamples.Forthesameclassifier,usingdifferentdatasetsfortraining
mayproducedifferentresults.Inordertojudgetheperformanceofeachclassifiermoreaccurately,
intheoriginidentificationframeworkproposedinthispaper,weadopttheM×Ncross-validation
method.Thatis,firstdividethedatasetintoNequalparts,andthenusethedataofN-1datasubsets
fortraining.Usetheremainingsubsetfortesting.TheaboveprocesstraversesMtimestoensurethat
eachdatasetparticipatesintrainingandtesting.Atthesametime,theentireexperimentalprocess
hastoberepeatedMtimestoensurethattheimpactofsampledivisionisminimal.Finally,when

Figure 2. Basic process of feature selection
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thetestonthetestsetends,wecantrainM×NmodelsandgetM×Ntestresults.Intheperformance
comparison,theaveragevalueofM×Nresultsistakenasthefinalperformanceindexofthemodel.
Intheexperiment,thisarticlesetsM=10,N=5,thatis,eachmodelhastoperform50differenttests
oneachdatasettoobtainthemostaccurateevaluation,therebyreducingtheerrorcausedbysample
division.

In the selection of performance indicators, we use the correct rate to evaluate the overall
performanceoftheidentificationmodel:
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Sinceinpracticethedistributionofsamplesisunknown,exceptforthecorrectrate.Therefore,

wealsoneedsomeotherindicatorstosummarizetheperformanceoftheclassifier.Oneofthemost
commonlyusedmethodsistolisttheconfusionmatrixoftheclassificationresults,andconsidera
dichotomousproblem.Thatis,theinstanceisdividedintopositiveornegativesamples.Thefour
possiblesituationsareshowninTable1.

Amongthem,nTPisthenumberofsamplesthatcorrectlyclassifypositivesamples;nFNisthe
numberofallpositivesamplesthatareclassifiedintonegativesamples.nFPisthenumberofnegative
samplesdividedintopositivesamples.nTNisthenumberofcorrectlyidentifiednegativesamples.

Accordingto theaboveconfusionmatrix,wecangetdifferentevaluationcriteria.Themain
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Among them,TPR is truepositive rate, alsoknownas sensitivity. It represents the ratioof
thepositivesamplescorrectlyidentifiedbythediscriminationclassifiertothetotalnumberofall
positivesamples;FPRisthefalsepositiverate,alsocalledspecificity.Itcalculatestheratioofthe
numberofsamplesthattheclassifiermisrecognizesnegativesamplesaspositiveinstancestothetotal
numberofallnegativesamples;theF1valueisacomprehensiveindicatorofthetwo,whichcanbe
understoodastheweightedaverageofthetwoindicators.Whentheclassifiercancorrectlyidentify

Table 1. Confusion matrix for classification results

Forecast Result

Positive Sample Negative Sample

Actual results
Positive sample nTP nFN

Negative sample nFP nTN
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alltestsamples,theaboveindicatorsallgetthemaximumvalueof1.Whentheclassifierclassifies
allsampleswrongly,theaboveindicatorsareall0.

In the experiments of this article, we will select the most suitable classification model for
theidentificationoforangeoriginaftermultiplecross-validationbasedontheaboveperformance
indicators.

3. eXPeRIMeNTAL ReSULTS ANd ANALySIS
Intheexperiment,weselectedthecommonnaiveBayes,nearestneighborclassification(KNN)and
decisiontreealgorithmasthetestclassifier[13-14].Theoriginoforangecollectedfrom16different
regionsin6provinceswasidentified.Theoriginalnear-infraredspectrumrangesfrom1000-2499nm.
Theoriginalfeaturedimensionis1500dimensions.Approximately100orangesampleswerecollected
fromeachregion.Thetotalsamplesizeis1558.Accordingtotheidentificationframework,theoriginal
spectraldataispreprocessed,featureextraction,featureselection,andmodelcross-validationtoget
thefinalperformanceevaluation.AllsimulationexperimentsareimplementedusingMatlab2008b
undertheWindows7platform.Usedstatisticaltoolboxanddataminingtoolbox.

3.1 Original Spectra and Preprocessing Results
Taking into account the inevitable noise caused by near-infrared spectroscopy instruments,
experimentalenvironmentandoperatingerrors,itisverynecessarytopreprocesstheoriginaldata
toremovenoiseinterference.WeusetheSGsmoothingmethodtoreshapethespectrum.TheSG
smoothingisperformedunderawindowof121size,andtheoriginalSGsmoothingandthefirstand
secondderivativesderivedonthisbasisareused.Thethreedenoisingmethodsandtheinformation
oftheoriginalspectrumareshowninFigure3.

TheoriginalorangeNIRspectrumabsorbanceisshowninFigure3(a).Theremainingthree
smoothingmethodsareshowninFigure3(b)-(d).ItcanbeseenthatafterSGsmoothing,theoriginal
spectrogrambecomessmoother.Afterperformingthefirstderivativeoperation,thespectralrangeis
compressedfrom[0,1]to[-0.002,0.006].Atthesametime,thespectralsignalisfurthersmoothed.
Fromtheresultsofthesecondderivative,thesmoothingeffectisclosetothatofthefirstderivative.But
thedataisfurthercompressed.Itsrangeisreducedto[-0.00009]to[0.00007].Althoughthederivative
operationcanfurthersmooththedata,itmayalsolosesomediscriminativedetails.Therefore,the
denoisingpreprocessingoperationneedstobeappropriatelyselected.Theclassifierperformance
obtainedbydifferentdenoisingalgorithmswillbediscussedinthefollowingsubsections.Itisworth
notingthat,ascanbeseenfromFigure3,thespectraoforangesamplesfrom16regionshavegreat
overlap.Itwillbeverychallengingtodirectlyusethesedata(1500dimensions)foridentification.

3.2 Feature extraction Results
Itcanbeseenfromtheexperimentintheprevioussectionthatthedenoiseddataisnotsuitablefor
directtrainingoftheclassifier.Theyneedtoperformproperfeatureextractioninordertoextract
themain informationand removeunnecessary redundant information.ThePCAmethod isused
intherecognitionframeworktoextracttheprincipalcomponentsofthespectrum.Becausethere
isnotenoughevidencetoshowthatacertainspectrumhasastrongdegreeofdiscrimination,the
principalcomponentextractionisperformedontheentirespectrum(1000-2499nm)toobtainthe
mostrepresentativespectruminformation.Theresultssortedbythecontributionoftheprincipal
componentsareshowninFigure4.

Generallyspeaking,thenumberofprincipalcomponentsrequiredtoestablishamodelisoften
determinedbytheproportionofthespectralinformationoccupiedbythefirstfewmostrepresentative
principalcomponents.AsshowninFigure4,thehistogramrepresentsthecontributionoftheprincipal
component(thatis,theproportionoftheinformationcontainedintheentiredataset).Thereddots
representthecumulativecontributionofthefirstNprincipalcomponents.Itcanbeseenfromthe
figurethatthefirstthreeprincipalcomponentsoccupyalargeproportion.Forexample,inFigure4(a),
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PCAdimensionalityreductionisperformedontheoriginalspectraldata.Thefirstthreeprincipal
componentsaccountedfor98.98%oftheinformation.Theprincipalcomponentsareextractedfrom
theSGsmootheddata.Thefirstthreeprincipalcomponentsaccountfor99.11%oftheinformation.
Theprincipalcomponentsofthesmootheddataafterthefirstandsecondderivativesareextracted,
andthefirstthreeprincipalcomponentsaccountfor95.17%and97.16%,respectively.

Althoughthefirstthreeprincipalcomponentscaneffectivelyrepresentthepreviousoriginaldata
set,fortheclassifier,theinformationitrepresentsmaynotbedistinguishable.Forexample,thejoint
distributionoftheoriginaldataandthefirsttwoprincipalcomponentsafterusingdifferentsmoothing
algorithms.Weuseascatterplot torepresent.AsshowninFigure5. Inorder tobettershowits
distributioncharacteristics,only20orangespectralsamplesfrom5differentregionsaredrawnhere.
TheyincludeWushenginSichuan,LinhaiinZhejiang,WushaninChongqing,FengjieandBeibei.

ItcanbeseenfromFigure5thatafterPCAdimensionalityreductionisperformedontheoriginal
spectrumandtheSGsmoothedspectrumdata,thePCdistributionbetweendifferentprovinceshasa
certaindegreeofdiscrimination.ThesamplesfromthethreedifferentoriginsinChongqingareclose
toeachother.Thegrowthenvironmentoforangeissimilar.Sothereisacertaindegreeofoverlap.
AfterusingSGsmoothingcombinedwiththefirstandsecondderivativemethods,thedistribution
spaceofthesampleisexpanded.Therebyincreasingthedegreeofdispersionbetweensamples.But

Figure 3. The original spectrum of orange and the effect after denoising. Among them, from left to right: (a) Original NIR spectrum; 
(b) SG smoothed effect diagram; (c) SG smoothed first derivative effect diagram; (d) SG smoothed second derivative effect diagram
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italsofurtherincreasestheareawherethesamplesoverlap.Nomatterwhichmethodisused,itis
difficulttodirectlyidentifythefirsttwoPCsoforangesamples.Therefore,morePCfeaturescan
beappropriatelyaddedfortrainingtoincreaseitsrecognition.Wetakethefirst20PCsastraining
featuresandinputthemintotheclassifier.

3.3 Feature Selection and Classifier Performance Results
Afterdatasmoothingandprincipalcomponentextraction,commonclassifiersinmachinelearning
algorithmsaremainlyused.TheyincludeDecisionTreeAlgorithm(DT),BayesClassifier(NB),
K Nearest Neighbor Classifier (KNN) and Linear Discriminant Classifier (LDA). The origin
identificationmodelwasestablishedfororangesamplesfrom16regionsin6provinces.According
totheproposedoriginidentificationframework,allclassifiershavebeencross-validated5×10times.
Andget theaveragerecognitionrateafter50runsastheoutputresult.Theperformanceofeach
classifierisshowninTable2.

First, intheabsenceoffeatureselection,Table2countstheaverageaccuracyPaofthefour
classifierstested.

Figure 4. Principal component contribution degree of orange NIR spectrum data after PCA feature extraction. Among them, from 
left to right: (a) PCA feature extraction from the original NIR spectrum; (b) SG smoothed data for PCA feature extraction; (c) 
Perform PCA feature extraction on the first derivative data after SG smoothing; (d) PCA feature extraction is performed on the 
second derivative data after SG smoothing
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Amongthem,theboldpartinthetablerepresentsthebestclassifierresultinthetest.Ascanbe
seenfromTable2,theLDAclassifierperformsbestoneachdataset.Thehighestaverageaccuracy
rateis92.6%.FollowedbyKNNandNBclassifiers.Intermsofdatasmoothingalgorithm,compared
withtheoriginaldataset,theperformanceofDT,NBandKNNclassifiershavebeensignificantly
improvedonthedatasetsmoothedbySG.TheLDAalgorithmhardlychanges.However,themethodof
combiningthederivativeafterSGsmoothingactuallyreducestherecognitionaccuracy.Inparticular,

Figure 5. After PCA feature extraction is performed on orange NIRs in five regions, the distribution diagrams of the first and second 
principal components of the contribution. (a) Original NIR spectrum; (b) Use SG smoothing method; (c) Use the first derivative 
method after SG smoothing;(d) Second derivative method after SG smoothing

Table 2. When there is no feature selection, the average accuracy of origin identification of the four classifiers tested Pa(%)

Classifier Raw data SG smooth SG smooth 1st 
derivative

SG smooth 2nd 
derivative

DT 83.5 85.1 79.0 69.4

KNN 88.2 89.3 86.6 76.6

NB 88.8 91.3 88.2 81.3

LDA 92.6 92.5 92.6 86.7

Note: DT stands for decision tree, NB stands for Bayesian classifier, KNN is the nearest neighbor; LDA is linear discrimination.
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themorederivativeorders,theworsetheeffect.Thereasonmaybethattoomuchsmoothingleads
tothelossofdistinguishingfeatures.

Inordertofurthershowtheperformanceandstabilityofthe50testclassifiersincross-validation,
thispaperdrawstheboxplotsofthefourclassifiersunderdifferentsmoothingalgorithms.Asshown
inFigure6.Intheboxplot[14],thedistributionofthedataisexpressedbyfivenumericalpoints.
Theyaretheminimum(min),thelowerquartile(Q1),themedian(median),theupperquartile(Q3)
andthemaximum(max).Asshowninthefigure,theloweredgeoftheboxrepresentsQ1,andthe
upperedgerepresentsQ3.Theboxpartrepresentstheinterquartilerange(IQR),thatis,themiddle
50%valueoftheobservationdata,andthemiddlehorizontallineistheaveragevalue.Thestraight
partextendingfromtheedgeoftheboxiscalledthetentacles.Theoutwardextensionofthetentacles
representsthelargestandsmallestinthedataset.Theasterisk(*)inthefigurerepresentsanabnormal
value,whichisdefinedasapointthatdeviatesfromthebox(greaterthanQ3orlessthanQ1)andis
morethan1.5timesawayfromthecorrespondingboundary.Thelengthoftheboxandthenumber
ofabnormalpointsreflectthedegreeofdispersionofthedata.Itcanalsoreflectthedistribution
andstabilityofthepredictedresultsofthetestedclassifierafterdifferenttrainingsetsandtestsets
areusedincross-validation.

Figure 6. Box plots of the accuracy of the four classifiers tested using different smoothing algorithms. (a) Decision tree model; 
(b) KNN model; (c) Bayesian model; (d) LDA model.
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ItcanbeseenfromFigure6thatafterusingSGsmoothing,mostoftheclassifiersgenerally
achievethehighestpredictionaccuracy(exceptforLDAandtheoriginaldataarethesame),andthe
moststable.Afterthefirstandsecondderivativesareused,thedataisexcessivelysmoothed,which
affectsitsstability.

Inadditiontoaccuracy,thisarticlealsocountsotherperformanceindicators.Suchas:sensitivity
(TPR),specificity(FPR)andcomprehensiveindexF1.TheresultsareshowninTable3.

TheresultsinTable3aresimilartothoseinTable2.Intermsofperformanceindicators,LDA
stillhasthehighestrecognitionrate.TherecognitionresultsofDT,KNNandNBclassifiersonthe
SGsmootheddatasetarebetter.

After further selection of the features after PCA dimensionality reduction, we cross-
validated the same classifier and data set. The results are shown in Table 3. After feature
selection,theLDAmodelstillobtainsthehighestrecognitionaccuracy.Buttheimprovement
isnotobviouscomparedtobeforefeatureselection.ThereasonisthatLDAhasconsidered
thecharacteristicprojectiondirectionwiththegreatestdiscriminationwhenseekingthebest
projectiondirection.

Compared with other models, the performance before feature selection has been
significantlyimproved.ThespecificcomparisondiagramisshowninFigure7.Itcanbeseen
fromFigure7thatafteradoptingfeatureselection,bothKNNandNBhavereachedahigh
degreeofrecognition(390%).Especiallyonthedatasetsmoothedbythesecondderivative
method, the fourclassifiers testedhavebeengreatly improved.Themost improvedare the
DTandKNNmodels.Theaverageaccuracyrateshaveincreasedfrom69.4%and76.6%to
80.4%and88.0%,respectively.

Finally,Table5showstheresultsbasedonsensitivity(TPR),specificity(FPR)andcomprehensive
indexF1afterfeatureselection.Itcanbeseenthatafterfeatureselection,KNNandNBhaveachieved
similarperformancetoLDA.TherecognitioneffectoftheDTmodelhasalsobeensignificantly
improved.However,LDAhasnotimprovedmuch,andtheperformancedifferenceofeachdataset
isnotobvious.

Table 3. When there is no feature selection, the average sensitivity, specificity and comprehensive index F1 value of the four 
classifiers tested

Data set Evaluation 
index DT KNN NB LDA

Rawdata

TPR 78.5 83.3 83.9 87.0

FPR 78.5 82.6 83.6 87.0

F1 78.3 82.8 83.6 87.0

SGsmooth

TPR 79.9 84.3 85.9 86.9

FPR 79.9 83.7 85.9 87.0

F1 79.7 83.9 85.7 86.9

SGsmooth1st
derivative

TPR 75.0 81.9 83.6 87.0

FPR 74.3 81.5 83.0 87.0

F1 74.4 81.5 83.0 86.9

SGsmooth2nd
derivative

TPR 66.3 74.2 77.3 82.2

FPR 65.8 72.2 77.0 81.8

F1 65.6 72.8 76.9 81.8

Note: DT stands for decision tree, NB stands for Bayesian classifier, KNN stands for nearest neighbor and LDA stands for linear discriminant classifier.
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4. SUMMARy

Aimingattheidentificationoforangespectralorigin,thispaperproposesageneralidentification
framework and identifies the origin of orange samples under this framework. First, use SG
smoothingmethodandSGsmoothingcombinedwiththefirstandsecondderivativemethods
tosmooththedata.AndusePCAtoreducethedimensionalityofthedatatoextractthemost
representativefeatures.Afterthat,thefeatureselectionalgorithmofinformationentropyisused
tofurtherselecttheextractedfeatureswiththemostdiscriminativedegree.Finally,thedecision
tree,nearestneighbor,naiveBayesandlineardiscriminantanalysismodelareusedtoestablish
theorigin identificationmodelbasedon theorangedataof16 regions.Experimental results
showthattheSGsmoothingalgorithmcanincreasetherecognitionresultsofmostclassifiers.
Featureselectionalgorithmsalsohaveapositiveeffectontheclassificationresultsoforange
origins.Amongthetestedclassifiers,theperformanceofLDAisthemoststable.Andobtained
thebestoriginidentificationaccuracyof92.8%.

Table 4. After feature selection, the average accuracy of origin identification of the four classifiers tested Pa

Classifier Raw data SG smooth SG smooth 1st 
derivative

SG smooth 2nd 
derivative

DT 88.8 +5.3 89.1 +4.0 86.3 +7.3 80.4 +11.0

KNN 91.5 +3.4 91.5 +2.1 90.4 +3.8 88.0 +11.4

NB 91.3 +2.5 92.0 +0.8 91.7 +3.5 90.2 +9.0

LDA 92.5 -0.1 92.7 +0.2 92.8 +0.2 92.4 +5.6

Note: The data on the right is the result of comparing the classifiers without feature selection. The “+” sign indicates an improvement compared to before. 
“-” means that the recognition rate has decreased.

Table 5. After feature selection, the average sensitivity, specificity and comprehensive index F1 value of the four 
classifiers tested

Data set Evaluation 
index DT KNN NB LDA

Rawdata

TPR 83.6 86.1 85.8 86.8

FPR 83.4 85.7 85.8 86.9

F1 83.4 85.8 85.8 86.8

SGsmooth

TPR 83.9 86.0 86.6 87.1

FPR 83.7 85.6 86.6 87.1

F1 83.7 85.7 86.4 87.1

SGsmooth1st
derivative

TPR 81.3 85.2 86.1 87.0

FPR 81.0 85.1 86.3 87.2

F1 81.0 85.0 86.1 86.9

SGsmooth2nd
derivative

TPR 76.1 83.2 84.9 86.8

FPR 75.8 82.8 84.9 86.8

F1 75.8 82.9 84.8 86.8

Note: DT stands for decision tree, NB stands for Bayesian classifier, KNN stands for nearest neighbor, and LDA stands for linear discrimination.
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Figure 7. A histogram of the comparison of the effects of the four classifiers tested before and after feature selection. (a) Original 
NIR spectral data; (b) Use SG smoothing method; (c) Use SG smoothed first derivative method; (d) SG smoothed second 
derivative method.
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