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三维荧光光谱结合HGA-RBF神经网络在
多环芳烃浓度检测中的应用

王书涛,郑亚南,王志芳,马晓晴,王昌冰,程琪
(燕山大学 电气工程学院 河北省测试计量技术及仪器重点实验室,河北 秦皇岛066004)

摘 要:采用FS920荧光光谱仪分析了苯并[k]荧蒽(BkF)、苯并[b]荧蒽(BbF)和两者混合物的荧光特

性.结果表明BkF的两个荧光峰分别位于306nm/405nm和306nm/430nm,BbF的两个荧光峰分别位

于306nm/410nm和306nm/435nm.BkF和BbF不同浓度配比及其相互间的荧光干扰,使得混合物荧

光特性差异较大,荧光强度和浓度间关系变得复杂.为准确测定混合物中BkF和BbF的浓度,采用递阶

算法优 化 的 径 向 基 神 经 网 络 对 其 进 行 检 测,结 果 表 明BkF和BbF的 平 均 回 收 率 分 别 为98.45%和

97.71%.该方法能够实现多环芳烃类污染物共存成分的识别和浓度预测.
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ConcentrationDetectionofPolycyclicAromaticHydrocarbonCombining
Three-dimensionalFluorescenceSpectroscopywithHGA-RBFNeuralNetwork

WANGShu-tao,ZHENGYa-nan,WANGZhi-fang,MAXiao-qing,
WANGChang-bing,CHENGQi

(InstituteofElectricalEngineering,MeasurementTechnologyandInstrumentationKeyLabofHebeiProvince,
YanshanUniversity,Qinhuangdao,Hebei066004,China)

Abstract:Three-dimensionalexcitation-emission matrix fluorescence spectroscopy of Benzo [k]
Fluoranthene(BkF),Benzo[b]Fluoranthene(BbF),andamixtureofthesetwosubstanceswere
analyzedwithFS920fluorescencespectrometer.TheresultsshowthatthefluorescencepeaksofBkFcan
beobservedat306nm/405nmand306nm/430nm,andthefluorescencepeaksofBbFlocateat306nm/
410nmand306nm/435nm.InthemixtureofBkFandBbF,concentrationratioandfluorescence
interferencesmakeexcitation-emissionmatrixspectraofmixturechangelargely.Hence,therelationship
betweenfluorescenceintensityandconcentrationiscomplicated.Inordertodeterminetheconcentration
ofBkFandBbFin mixture,radialbasisfunctionneuralnetworkoptimizedbyhierarchicalgenetic
algorithmwasappliedandtheaveragerecoveryofBkFandBbFare98.45%and97.71%,respectively.
Theresultsshowedthatthepossibilityoftheidentificationandconcentrationpredictionofdifferent
componentsinmixedsampleofpolycyclicaromatichydrocarbons.
Keywords:Spectroscopy;Three-dimensionalfluorescencespectroscopy;HierarchicalGeneticAlgorithm
RadialBasis Function (HGA-RBF)neural network model;Polycyclic aromatic hydrocarbons;
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0 Introduction
PolycyclicAromaticHydrocarbons(PAHs)asalargegroupoforganiccontaminantsarecomposedof

apluralityofbenzenerings,andtheyarecharacterizedbystrongstability,widedistributionandvarious
isomers.PAHsexistwidelyinair,waterandsoil,whichisprincipallyassociatedwithcoalcombustion,
vehicleemission,industrialcomplexesandcokeproduction[1].BkFandBbF,twokindsofthemost
commonPAHs,cancausecancerbycelldistortionandmutation[2],whichposesaseriousthreattohuman
health.Therefore,theconcentrationofPAHsinfoodandenvironmentmustbestrictlycontrolled.

Asthetechnologydevelops,alargenumberofmeasurementtechniquesandinstrumentsforPAHs
havebeendeveloped,suchasHighPerformanceLiquidChromatography(HPLC),GasChromatography-
MassSpectrometry (GC-MS),Liquid Chromatography MassSpectrometry (LCMS)[3-5],etc.For
example,ClaraNaccariausedHPLCdeterminetheconcentrationofPAHsinheat-treatedmilksamples[6]

andAmalAl-RashdanconcludedthatthebestrecoveryofPAHsinToastedBreadis99.06%byGC-MS[7].
However,therearesomeshortcomingsinthosemethods,forexamplethelonganalysistime,thehigh
cost,andthecomplicatedoperation.Three-dimensionalExcitation-EmissionMatrix(EEM)fluorescence
spectroscopyisarapidandsensitivetechnologybasedonLambert-BeerLaw.Thus,becauseofitshigh
sensitivity,rapiddetection,goodselectivity,convenientoperation[8],EEMfluorescencespectroscopyis
widelyappliedinmanyresearchfieldsinvolvingcharacteristicanalysis,substanceidentificationandtrace
determination,etc[9].

RadialBasisFunction(RBF)neuralnetworkisanovelandefficientfeedforwardneuralnetwork
whichiswidelyusedinpatternrecognition,errordiagnosisanddataprediction.However,RBFalgorithm
hasthedisadvantageofbeingeasytofallintolocaloptimumandlowtrainingefficiency[10].Inorderto
overcometheseshortcomings,HierarchicalGeneticAlgorithm (HGA)isproposedtooptimizetheRBF
neuralnetworkmeanwhileuseHGA-RBFforthedetectionofPAHs.

1 Experiment
1.1 Equipmentandsamples

Inthisstudy,BkFandBbFareprovidedbytheChina NationalInstituteof Metrology.The
concentrationsofBkFandBbFareboth4.000μg/mLinMethanolsolvent.Firstly,wediluteBkFandBbF
intotensamplesbyaddingmethanol,respectively,asaconsequencetheconcentrationsofthesolutionare
1.000,2.000,3.000,4.000,5.000,6.000,7.000,8.000,9.000,10.000ng/L.Afterthis,themixture
containing45groupscanbeobtainedbymixingBkFandBbFwithdifferentconcentrationratios.

AllEEMspectraaremeasuredbyafluorescencespectrometer(FS920,UKEdinburgh)atascanning
stepof2.0nm,andthelightpathstructureisshowninFig.1.EEMspectraareacollectionofseriesof
emissionspectraoverarangeofexcitationwavelengths.Therangeoftheexcitationwavelengthandthe
emissionwavelengthisbasedonthefluorescencespectracharacteristicsofthe measured material,
metrology,BkF,BbFandthemixture.EEMspectraarecollectedbyscanningemissionspectrafrom
250nmto600nmwhilevaryingtheexcitationwavelengthfrom200nmto450nmat2.0nmincrements.
AndthenthefluorescencespectraofBkF,BbFandthemixturearerecordedwheninducedbyxenonlamp
withthepowerof450W.

BkFandBbFareisomerswhosemolecularformulaisC20H12.AsshowninFig.2,theyarecomposed
offourbenzenerings.Therigidplanarstructuresprovetheyhavethecharacteristicofstrongfluorescence
materials.
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Fig.1 LightpathstructureofFS920fluorescencespectrometer

Fig.2 MolecularstructureofBkFandBbF
1.2 Analysisoffluorescencespectra

Inordertoovercometheproblemthatthesmalland mediumfluorescencepeaksofthethree
dimensionalfluorescencespectraaremaskedbythelargefluorescencepeaks,weusecontourfluorescence
spectrawhichisconnectedtoalinewiththesamestrengthpointtorepresentthefluorescenceinformation.
Thecoloroftheverticalbarontherightsideofthegraphrepresentstheintensityofthefluorescencepeak.

ThecontourfluorescencespectraofMethanolareshowninFig.3.Themainfluorescencepeakof
methanolisidentifiedatλex/λem=300nm/350nm.Whentheemissionwavelengthrangesfrom500nmto
600nm,thereisseriousRayleighscatteringwhichwillgivethefluorescencespectraagreatinfluenceand
evendistortthefluorescencespectra.InordertoavoidtheinterferencefromRayleighscattering,the

Fig.3 Contourfluorescencespectraofmethanol Fig.4 ContourfluorescencespectraofBkF
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emissionwavelengthofthemeasuredmaterialsislimitedto500nm.
  WhentheconcentrationofBkFis4.000ng/L,thecontourmapoffluorescenceisshowninFig.4.The
X-axisrepresentstheemissionspectrafrom300nmto500nm,whereastheY-axisistheexcitation
wavelengthfrom200nmto350nm.AndthecontourlinesareshownforeachEEMspectratorepresent
fluorescenceintensity.Thetwofluorescencepeaks
canbeidentifiedatλex/λem=306nm/405nmand
λex/λem=306nm/430nm,sotheopticalexcitation
wavelengthofBkFis306nm.
  EEMspectraofBbFwhichtheconcentration
is4.000ng/LisdescribedinFig.5.Whenthe
excitation wavelengthis240~360nm andthe
emission wavelengthis300~500nm,thetwo
fluorescence peaks are located at λex/λem =
306nm/410nmandλex/λem=306nm/435nm.So
theemissionmaximumofBbFcanbeselectedas
440nm.ThenwecanidentifyBkFandBbFeasily
accordingtothefluorescencespectraofthetwo.

Fig.5 ContourfluorescencespectraofBbF

  InthemixtureofBkFandBbF,theEEMspectraofmixtureatvariousconcentrationratioare
illustratedinFig.6.ItcanbeseenfromFig.6thattheeffectiveexcitationandemissionwavelengthare
296~330nmand400~500nm,respectively.Thegreatchangesofspectracanbeobservedfromthe
samplesatvariousconcentrationratios.ThemutualinterferencescomingfromtheEEMspectraofBkF
andBbFandthosebetweentheexcitationspectraandtheemissionspectraofthetwohaveseriousimpacts
onthefluorescencecharacteristics.Hence,thefluorescencespectraofthemixtureareverycomplicatedand
therelationshipbetweenfluorescenceintensityandconcentrationisnonlinear.It'sverydifficulttocalculate
theconcentrationofBkFandBbFinthemixtureonthebasisofthefluorescencecharacteristics.
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Fig.6 ContourfluorescencespectraofmixtureswithdifferentconcentrationratioofBkFtoBbF

2 HGA-RBFneuralnetwork
ArtificialNeuralNetwork(ANN),orcalledParallelDistributedProcessingModel,isacomplicated

networksystemthatconformstotheneuralstructureofthebrainandtheirmodularstructures.ANNis
abletolearncomplexnon-linearrelationshipsbetweentheinputandtheoutput,characterizedbyself-
adaptiveandself-learning.RBFneuralnetworkasonekindANNisafeed-forwardnetworkwhichis
generallycomposedofthreelayers,theinputlayer,thehiddenlayerandtheoutputlayer [11-12].Inthe
inputlayer,thenumberofnodesisthedimensionofinputdata,andtheinputis

X= X1,X2,…,XN[ ]T (1)
whereXi(1≤i≤N)istheinputvector,andNisthenumberofnodesintheinputlayer.

TheGaussianfunctionisusuallyusedastheradialbasisfunction,andtheradialbasisvectorofRBF
neuralnetworkisdefinedas

H=[h1,h2,…,hj,…,hm]T (2)

hj=exp -
‖X-Cj‖
2b2j

2
é

ë
êê

ù

û
úú (j=1,2,…,m) (3)

wherehjisGaussfunction,misthenumberofhiddennodesofthenetwork,‖·‖istheEuclidean
Norm,bjisthebasewidthparameterofnodej,Cjisthecentervectorofnodej.Thetransformfromthe
hiddenlayertotheoutputlayerisalinearmap,andtheweightvectoris

W=[w1,w2,…wj…wm]T (4)
Thenetworkoutputcanbeenobtainedusing

ym =∑
m

j=1
wjhj (5)

  GeneticAlgorithms (GAs)arewell-known
searchtechniquesusedincomputingtofinda
reasonable solution for optimization problems.
GAsinspiredbybirdsforagingbehaviorarebased
onprinciplesofnaturalselectionandpopulation
genetics[13].ToavoidRBFneuralnetworkfalling
intolocaloptimum,allparametersofthehidden
layerareperformedbyaHGA.HGAisproposed
onthe basis ofthe hierarchicalstructure of
chromosomes, including control genes and
parametergenes[14-15].Controlgenesarecomposed
bythe binary numbers,which determinethe
numberofthehiddenlayernodes,m.Thefunction Fig.7 ProcedureofHGA-RBFneuralnetwork
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ofparametergenescontrolledbycontrolgenesistooptimizebj,cjandwj.TheprocedureofHGA-RBF
NeuralNetworkisschematicallydepictedinFig.7[16-17].

TheinputofRBFneuralnetworkistheEEMspectraanditisexpressedby

X=

X11 X12 … X1p

X21 X22 … X2p

… … … …
XN1 XN2 … XNp

é

ë

ê
ê
ê
ê
ê

ù

û

ú
ú
ú
ú
ú

(6)

whereXij(i=1,2,…,N,j=1,2,…,p)isthefluorescenceintensitywhentheexcitationwavelengthis
301nm,Nis51,thenumberofexcitationwavelengthranging400nmto500nmat2nmincrements,and
pis45,thenumberofsamples.The30groupsofsamplesarerandomlyselectedfrom45groupsof
mixturesamplesasthetrainingsamplesandtheremaining15samplesareusedfornetworktesting.
Thereforetheinputnodesofthetrainingsamplesconstitutea51×30matrixandthetestingsampleisa
51×15matrix.TheoutputvaluesofthenetworkaretheconcentrationsofBkFandBaP.

Duetothelargedifferenceintheorderofmagnitudeofthefluorescenceintensity,therawdataare
normalizedby

X'
i=

Xmax-Xi

Xi-Xmin
(7)

whereX'
iisthenormalizedvalue,XmaxandXminarethemaximumand minimumvalueoftheXi,

respectively.Afterthenormalizationtheinputvaluesofnetworkaretransformedinto[0,1].

3 Predictionofconcentration
Inthe RBF neuralnetworktrainingprocess,weightsandthresholdsofneuronsarerenewed

continuallywithiteration.Thenetworktrainingisnotfinisheduntiltheerrorofpredictionvalueandactual
valuereachesasetminimumvalue,whichissetto10-3.Fig.8plotsthenumberofepochsandMean
SquaredError(MSE)ofnetworktraining.TheplotssuggestthatHGA-RBFneuralnetworkismuch
betterthanRBFneuralnetwork.Thennetworktestingisperformed.

Fig.8 Errorcurveofthetrainingprocess
Applyingthetrainednetwork,wegetthepredictionresultsofthemixture,listedinTable1.The

Table1 PredictionresultsofHGA-RBFnetwork

Predictionsamples
Actualvalue/(ng·L-1) Predictionvalue/(ng·L-1) Recoveryrate/%
BkF BbF BkF BbF BkF BbF

1 1.000 5.000 0.982 4.921 98.20 98.42
2 2.000 7.000 1.963 6.849 98.15 97.84
3 3.000 8.000 2.981 7.795 99.37 97.43
4 4.000 1.000 3.874 0.976 96.85 97.60
5 5.000 6.000 4.898 5.891 99.18 98.18
6 6.000 4.000 5.767 3.954 97.96 98.85
7 7.000 2.000 6.943 1.899 99.19 94.95
8 8.000 3.000 7.887 2.953 98.59 98.43
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predictionresultscanbeestimatedbytherecoveryofthemeasuredmaterials.Theaveragerecoveriesof
BkFandBbFare98.45%and97.71%,respectively.

4 Conclusion
Inthisstudy,EEMfluorescencespectroscopyisfoundtobeappropriateforidentifyingBkFandBbF.

TwofluorescencepeaksareidentifiedinEEMfluorescencespectraofBkFandBbF,respectively.Two
fluorescencepeaksofBkFareclosetothoseofBbF.Theexperimentresultsdemonstratethatconcentration
ratioandfluorescenceinterferencesaresignificantonEEMfluorescencespectraofthemixtureofBkFand
BbF.Inthework,RBFneuralnetworkoptimizedby HGAisadoptedtofinishtheconcentration
determination.WhencomparedwithRBFneuralnetwork,theperformanceofHGA-RBFneuralnetwork
ismuchbetterthanthatofRBFneuralnetwork.TheresultsindicatethatthedevelopedRBFneural
networkisabletodeterminetheconcentrationofBkFandBbFinmixture,effectively.Assuch,itisa
usefulalternativetoPAHsinconcentrationdetermination.Furthermore,itisapromising wayto
determineotherfluorescencematerials.
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