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basedonQKLMSalgorithm①
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Abstract:Thecontinuousstirredtankreactor(CSTR)isoneofthetypicalchemicalprocesses.Aimingatitsstrongnonlinear
characteristics,aquantizedkernelleastmeansquare(QKLMS)algorithmisproposed.TheQKLMSalgorithmisbasedona
simpleonlinevectorquantizationtechnologyinsteadofsparsification,whichcancompresstheinputorfeaturespaceand
suppressthegrowthoftheradialbasisfunction(RBF)structureinthekernellearningalgorithm.Toverifytheeffectivenessof
thealgorithm,itisappliedtothemodelidentificationofCSTRprocesstoconstructanonlinearmappingrelationshipbetween
coolantflowrateandproductconcentration.Inadditiion,theproposedalgorithmisfurthercomparedwithleastsquaressupport
vectormachine(LS-SVM),echostatenetwork (ESN),extremelearningmachinewithkernels (KELM),etc.The
experimentalresultsshowthattheproposedalgorithmhashigheridentificationaccuracyandbetteronlinelearningabilityunder
thesameconditions.
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0 Introduction
 Thecontinuousstirredtankreactor(CSTR)isa
highlynonlinearchemicalreactorandiswidelyused
inthechemicalprocessindustryincludingchemical
reagents,fuels,syntheticmaterials,etc[1-3].Itis
difficulttoobtainanaccuratemathematicalmodelof
theCSTRduetoitsfeaturesofnonlinearityandtime-
varying.Inaddition,ifthesystem modelisnot
accurateenough,theanalysis,predictionandcontrol
ofthesystem willbeaffected[4].Hence,itis
necessary to construct a nonlinear dynamic
identificationmodelbasedontheinput-outputdataof
thesystem,andfurtherdesignacontrollerbasedon
theidentificationmodeltorealizetheadjustmentand
controloftheCSTRprocess[5-7].
 Inrecentyears,neuralnetworks,asaneffective
artificialintelligencemethod,playanimportantrole
in the identification and control of chemical
processes.InRefs.[8]and[9],Chenetalapplied
backpropagation(BP)andgeneralizedradialbasis
function(RBF)neuralnetworkstoCSTRsystem

modeling, which effectively improved the
identificationaccuracy.Adynamicrecurrentneural
network,echostatenetwork(ESN),wasusedin
CSTR process,andtheidentificationeffect was
significantlyimproved[10].Inordertoovercomethe
shortcomingsofthefeedforward neuralnetwork
whichiseasytofallintothelocalminimum,a
nonlinearautoregressiveexogenousinput(NARX)
identification method based on extrem learning
machinewithkernel(KELM)wasproposedand
appliedtothemodelingofCSTR,whichobtained
highidentificationaccuracy[11].However,whenthe
trainingdataincreases,thecomputationalcomplexity
oftheneuralnetworkalsoincreases,whichbrings
inconveniencetosubsequentlearning.
 Inordertofurtherreducethecomputational
complexityandimprovetheonlinelearningability,
relevantresearchinthefieldofonlinekernellearning
algorithms has attracted wide attention of
scholars[12-14].In Ref.[15],Lietalproposeda
kernelleastmeansquare(KLMS)algorithm with
lowcomputationalcomplexityandgoodrobustness,
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whichhasbeeneffectivelyusedtothesingle-stepand
multi-steppredictionofonlinetrafficflow.Chenetal
putforwardaquantizedkernelleastmeansquare
(QKLMS)algorithm[16],whichisdifferentfrom
sparsificationandusestheredundantdatatoupdate
thecoefficientoftheclosestcentre.InRef.[16],the
algorithmwassuccessfullyappliedtotheprediction
ofchaotictime-series.
 Therefore,fortheidentificationofCSTR with
strongnonlinearityfeatures,weproposeanovel
identificationmethodusingQKLMSbasedonkernel
learning algorithm to further improve the
identificationaccuracy.Inaddition,toverifythe
effectiveness of the proposed algorithm, the
identificationexperimentalresultsarecomparedwith
theexistingmethodsunderthesameconditions.

1 QKLMS
 QKLMS is an online sequence estimation
algorithm.Firstly,givingthetrainingdata{xi,yi}∈
Rm×R1(i=1,2,…,N),wecandefineX∈RN×mas
theinputmatrixandY∈RN×1astheoutputmatrix.
Whentheithdatasetisobtained,theonlineupdate
ofthelearningalgorithmisperformedonthebasisof
theestimationoftheprevious(i-1)thdata(denoted
asfi-1)toobtaintheestimatedvalueofthecurrent
nonlinearmappingrelationshipf,recordedasfi.
Thenonlinearmappingbetweentheinputandoutput
dataisexpressedas

f(x)=∑
N

i=1
αik(xi,x), (1)

wherethenonlinearmappingrelationshipisbuiltby
thelinear combination of the kernel function
constructedbythecorrespondingsupportvectorxi.
 BasedontheQKLMSalgorithm,firstly,xineeds
tobemappedtothehigh-dimensionalfeaturespace,
i.e.ϕ∶x→ϕ(x)∈F⊆RM,andthekernelfunction
isdefinedas

k(xi,xj)=ϕ(xi)Tϕ(xj). (2)

 ThenthekernelmatrixK=ΦTΦthatsatisfiesthe
Mercerconditioncanbeobtained,whereΦ=[ϕ(x1)
 ϕ(x2) … ϕ(xN)].
 Intheexperiment,thekernellearningalgorithm
willusethreekernelfunctionsasfollows.
 1)Polynomialkernel

k(xi,xj)=((xi·xj)+1)p, (3)

wherepistheorderofthekernelfunction.
 2)Sigmoidkernel

k(xi,xj)=tanh(v(xi·xj)+c), (4)

wherevistheinputweightandcistheoffsetofthe
kernelfunction.
 3)Gaussiankernel

k(xi,xj)=-‖xi-xj‖2
2σ2

, (5)

whereσ(σ>0)isthekernelwidth.
 TheKLMSalgorithmextendsthelinearLMS
algorithmintothefeaturespaceF.Theinputϕ(xi)
ofthehigh-dimensionalnonlinearfeaturespaceis
denotedasϕi.Forthesequencedata{ϕi,yi},the
LMSalgorithmisapplied,then

ω0=0,

ei =yi-ωT
i-1ϕi,

ωi =ωi-1+ηeiϕi,

􀮠

􀮢

􀮡

􀪁􀪁
􀪁􀪁 (6)

whereeiisthepredictionerrorwhentheithdata
havebeenacquired,ηisthelearningrate,andωiis
theestimationvalueofweightvectorinthefeature
space.
 Duetofi=ωT

iϕ(·),andaccordingtoEq.(6)and
propertyϕ(x)=k(x,·),theKLMSalgorithmin
theoriginalspaceis

f0=0,

ei =yi-fi-1(xi),

fi =fi-1+ηeik(xi,·).

􀮠

􀮢

􀮡

􀪁􀪁
􀪁􀪁 (7)

 Eq.(7)showsthatthe KLMS algorithm is
essentiallyequivalenttoagrowingRBFnetwork,
i.e.,aseachnewdataareacquired,anewcoreunit
centredoninputxiisassigned,andηeiisits
coefficient.
 TheQKLMSalgorithmisobtainedbyquantifying
thefeaturevectorϕi,whichisembodiedinthe
weightupdateequationinEq.(6).Atthispoint,the
KLMSalgorithmonEq.(7)is

f0=0,

ei =yMi-fi-1(xi),

fi =fi-1+ηeik(Q[xi],·),

􀮠

􀮢

􀮡

􀪁􀪁
􀪁􀪁 (8)

whereQ[·]isthequantizationoperatorinthe
originalspaceU,andadditionally,letxq(i)=Q[xi].
 ThekeytotheQKLMSalgorithmishowtodesign
thevectorquantizationtechnique,i.e.,howtoselect
thedataasacodebookvectorandhowtofindthe
nearestcodebookvectorrepresentation.Toadaptto
onlinelearning,thecodebookvectorneedstobe
traineddirectlyfromtheonlinedatatomakeitgrow
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adaptively.LetDibethematrixofallcodebook
vectorswhentheithdataareobtained,andDj

ibethe
codebookvectoroftheelementsofthejthcolumnof
thematrix.Inaddition,thedatadistanceinthe
metricspaceis

‖ϕi-ϕj‖= (ϕi-ϕj)T(ϕi-ϕj)=

2-2k(xi,xj)= 2-2exp-‖xi-xj‖2
2σ2  ,(9)

where‖·‖FisthenorminthefeaturespaceF.
Eq.(9)indicatesthatthedistanceinthefeature
spaceFmonotonicallyincreasesasthedistanceofU
intheoriginalspacechanges.
 Therefore,thequantizationthresholdcan be
definedbyEq.(9),then

εF= 2-2exp-ε2U
2σ2  , (10)

whereεU=‖xi-xj‖isthequantizationthresholdin
theoriginalspaceUand‖xq(i)-xj‖≤εU.In
addition,whenεU=0,itistheKLMSalgorithm.
 Insummary,thespecificstepstoimplementthe
QKLMSalgorithmareasfollows:
 Step1:Givethedatasets{xi∈U,yi},i=1,2,…
 Step2:Trainingphase.Letη>0,σ>0andεU>0,
wheni=1,lettheinitialvalueofthecodebook
vectormatrix(thesetofdatacentre)D1=[x1],and
thecoefficientvectorα1=[ηy1].
 Step3:Leti=i+1,L=size(Di-1),themodel
outputiscalculatedby

ŷi =∑
L

j=1
αj

i-1k(Dj
i-1,xi), (11)

whereαj
i-1 represents thejth element ofthe

coefficientvectorobtainedwhentheithdataarrive.
 Step4:Calculationerroris

ei =yi-̂y, (12)

andtheminimumdistancebetweentheinputvector
andallcodebookvectorsiscalculatedby

d(xi,Di-1)= min
1≤j≤L

‖xi-Dj
i-1‖. (13)

 Step5:Ifd(xi,Di-1)≤εU,thecodebookvector
matrix remains unchanged,i.e., Di = Di-1.
Quantizingxitothenearestcentre,byupdatingthe
coefficientvectorofthenearestcentre,thatis

αj*
i =αj*

i-1+ηei, (14)

wheretheindexofthecentreisj*=argmin
1≤j≤L

‖xi-
Dj

i-1‖.
 Otherwise,settingxitothenewcodebookvector

andupdatingthecoefficientvector,thatis

Di =[Di-1,xi],

αi =[αi-1,ηei]. (15)

 Step6:IterativelycalculateStep3-Step5until
alltrainingdataarelearnedinturn.
 Step7:Testing phase.Basedonthetrained
model,giventhetestingdata,thefinalmodeloutput
iscalculatedbyEq.(11).

2 ExperimentofCSTRprocess
2.1 CSTRprocess

 CSTRisatypicalnonlinearreactionprocess,and
itsbasicstructureisshowninFig.1.Inthispaper,
theCSTRchemicalprocesswithexothermicreaction
featureisanirreversiblereaction(A→B)process,
andtheproducingheatwillslowthereactiondown.
By introducing a coolant flow rate qc,the
temperaturecanbevariedandhencetheproduct
concentrationCBcanalsobecontrolled.

Fig.1 BasicstructureofCSTR

 Thedynamicnonlineardifferentialequationsofthe
CSTRareexpressedas

dCB
dt =q

V
(CA-CB)-K0CBexp- E

RT  ,(16)
dT
dt=q

V
(Tf-T)+

(-ΔH)K0CB
ρCp

exp- E
RT  +

ρcCpc
ρCpVqc 1-exp- hA

qcρCpc    (Tcf-T). (17)

whereqistheprocessflowrate;CAistheinletfeed
concentration;TfandTcfaretheinletfeedand
coolant temperatures, respectively; T is the
temperature of the product.In addition,the
remainingchemicalreactionparametersaredetail
listedinRef.[17].

2.2 Datacollectionandmodelbuilding
 DuringtheCSTR process,whenthereaction
reachesequilibrium,theproductconcentrationis
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CB=8.36×10-2mol/L, simultaneously, the
temperatureoftheproductandthecoolantflowrate
areT=440.2Kandqc=103.4L/min,respectively.
Onthebasisthatthecoolantflowrateqcisasteady
statevalue,therandomlydistributedwhitenoisein
theinterval[-0.002,0.002]isaddedtoenhancethe
stabilityofthemodeltraining.
 ThecoolantflowoftheCSTRinputisshownin
Fig.2.Amongtheobtained4000input-outputdata,
thefirsthalfisusedasthetrainingset,andthe
remainingpartisusedasthetestset.Inaddition,all
datasetsneedtobenormalizedontheinterval[0,1].

Fig.2 CoolantflowqcofCSTRinput
 Assuming thatthe CSTR system modelis
unknown,onlytheaboveinputandoutputdatabeing
known,theidentification modeloftheCSTRis
selectedas

ŷCB
(i)=f[qc(i-1),qc(i-2),qc(i-3),

CB(i-1),CB(i-2),CB(i-3)]. (18)

3 Experimentalresultsandanalysis
 Intheexperiment,themeansquareerror(MSE)is
selected as the performance indicator of the
identificationmodel,thatis

E=1N∑
N

i=1
(yi-̂yi), (19)

whereyiand̂yiaretheactualoutputandtestoutput,
respectively;andNisthenumberofthetestingdata
set.
 Intheexperiment,QKLMSselectsthreecommon
kernelfunctionsaccordingtoEqs.(3)-(5),andthe
correspondingparametersaresetasfollows:the
orderofPolynomialkernelfunctionisp=2;the
inputweightandoffsetofSigmoidkernelfunction
arev=0.8andc=1,respectively;andthekernel
widthofGaussiankernelfunctionisσ=1.
 WhenthequantizationthresholdεUvariesbetween
(0,1),theidentificationperformanceonthetestset
canbeobtained,andtheexperimentresultsare
showninTable1.

Table1 ComparisonofidentificationperformanceofQKLMSbasedonthreedifferentkernelfunctions

εU
Polynomialkernel

MSE_test Train(s)

Sigmoidkernel

MSE_test Train(s)

Gaussiankernel

MSE_test Train(s)

0.1 3.1125×10-6 2.5693 5.2620×10-7 3.2104 2.0147×10-7 3.2158
0.2 8.5896×10-7 3.1369 3.6625×10-7 3.7011 1.2332×10-7 2.6826
0.3 2.3693×10-7 3.0569 6.3168×10-8 3.5963 4.3635×10-8 3.3133
0.4 2.8521×10-8 2.1338 2.1426×10-8 3.3321 3.7715×10-9 3.3698
0.5 6.7453×10-8 3.1401 3.6586×10-9 2.9103 5.9311×10-10 2.5014
0.6 9.4328×10-8 2.0901 8.3259×10-9 3.0752 8.7823×10-11 3.3293
0.7 1.6963×10-7 2.1872 3.4377×10-8 2.8610 6.2521×10-9 2.9788
0.8 7.3629×10-7 3.3730 2.6930×10-8 2.7530 5.1582×10-8 3.0722
0.9 3.5128×10-6 3.1324 4.3641×10-7 3.0098 3.3964×10-7 3.1428

 ItcanbeseenfromTable1thattheMSEchanges
withthechangeofquantizationthresholdεU.The
comparisonshowsthatwhentheGaussiankernel
functionisselected,theidentificationaccuracyisthe
bestandcanreach8.7823×10-11.Itcanalsobe
further observed that the training time is
concentratedin2.50s-3.36s.
 ConsideringfurtherexperimentbasedonGaussian
kernelfunction,thatis,whenthelearningrateη
variesbetween(0,1),theidentificationperformance
onthetestsetcanbeobserved,andtheresultsare
showninTable2.ItisobservedfromTable2that
theMSEofQKLMSchangeswiththechangeofη,
andthetrainingtimeisconcentratedin2.89s-

3.81s. When thelearning rateis 0.45,the
identificationaccuracyisthehighestandtheMSEof
thetestingsetis3.8509×10-11.
Table 2 Comparison ofidentification performance when
learningratechanges

η MSE_test Train(s) Test(s)

0.01 6.2849×10-8 3.3215 4.7325
0.05 3.7251×10-8 3.4098 5.3258
0.15 5.5239×10-9 3.0631 4.6912
0.20 6.1582×10-10 3.5255 5.4105
0.30 1.3295×10-10 2.9563 4.9011
0.40 5.0259×10-10 3.6445 5.3654
0.45 3.8509×10-11 3.8112 5.2217
0.55 7.3652×10-11 2.8911 5.0936
0.70 4.1328×10-10 3.7553 4.8682
0.85 3.2856×10-9 3.4147 5.2833
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 Whenη=0.45,theidentificationperformanceof
thetestsetcan beobservedfrom Table3 by
changingthesizesofεUandσ.Itcanbeseenthatthe
MSEchangeswiththechangesofεUandσ,andthe
trainingtimeisrelativelyconcentratedin2.72s-
3.61s.WhenεU=0.60,andσ=6,theidentification
accuracyofQKLMSisthehighestandtheMSEof
thetestsetis 1.2328×10-14. Moreover,the
identificationaccuracyofQKLMSisnearlyoneorder
ofmagnitudehigherthanthatofKLMS (εU=0)
underthesameconditions.
Table3 ComparisonofidentificationperformanceofQKLMS

εU σ MSE_test Train(s) Test(s)
0.10 83 2.3602×10-8 2.7258 5.0523
0.25 15 8.1473×10-9 3.5634 4.6644
0.35 33 3.5824×10-10 3.3732 5.4569
0.40 56 6.6211×10-11 3.0520 5.1235
0 6 1.8509×10-13 3.2409 4.9822
0.50 38 1.0532×10-13 2.9012 4.4963
0.55 17 7.2573×10-14 2.8873 5.5214
0.60 6 1.2328×10-14 3.2521 5.3372
0.65 33 5.2147×10-13 3.6178 4.8336
0.75 42 3.5623×10-12 2.8312 5.3744
0.80 61 4.3625×10-10 3.5779 346112

 WhenεU=0.60,σ=6andη=0.45,Fig.3shows
theerrorcurveofeachsamplepointonthetestset.
Fig.4showsthecomparisoncurveoftheactualvalue
andidentificationvalueofoutputconcentration.The
magnitudeoftheidentificationerrorisapproximately
10-7.CombiningwithFigs.3-4,itcanbeseenthat
QKLMScanachieveexcellentresultsinthemodeling
ofCSTR.

Fig.3 Errorcurveofeachsamplepointontestset

Fig.4 Comparisoncurveoftheactualvalueandidentification
valueofoutputconcentration

 TofurtherverifythevalidityoftheQKLMS
algorithm,Table4showstheMSEoftheQKLMS
andtheexistingidentificationalgorithmonthetest
setunderthesameconditions.Thecomparison
showsthattheidentificationaccuracyofQKLMSis
improvedbyoneorderofmagnitude.
Table4 Comparisonofidentificationperformancebasedon
QKLMSandotheralgorithms

Algorithm MSE_test

BP-MLP[18] -1.7×10-2

LS-SVM[18] -1.6×10-3

FNN[8] 2.976×10-4

GAP-RBF[9] 4.956×10-7

MGAP-RBF[9] 4.078×10-7

ESN[10] 1.1053×10-7

NARX-ELM[11] 4.1602×10-11

NARX-KELM[11] 2.0436×10-13

KLMS 1.8509×10-13

QKLMS 1.2328×10-14

4 Conclusion
 Inthispaper,basedontheinputandoutputdata
oftheunknownnonlinearCSTRprocess,anovel
identificationmethodwiththeQKLMSalgorithmis
proposed.Theonlinevectorquantizationmethodis
usedtoquantizetheinputinthefeaturespaceand
controlthesizeofthekernelfunctionstructure.
 Compared with existing feed-forward neural
networkmethodandESNnetworkaswellasother
kernellearningmethods,underthesameconditions,
experimentalresultsshow thattheidentification
methodbasedonQKLMSalgorithmcanachievegood
results,andimprovetheaccuracyofidentification
effectively.Therefore,ourresearchprovidesanew
ideaforthecomplexnonlinearprocessthatisdifficult
toobtainaccuratemathematicalmodels.
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基于量化核最小均方算法的连续搅拌反应釜模型辨识
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摘 要: 连续搅拌反应釜(Continuousstirredtankreactor,CSTR)是典型的化工过程之一,本文针对其强

非线性特性,提出了一种量化核最小均方(Quantizedkernelleastmeansquare,QKLMS)算法。该算法基于

一种简单在线矢量量化技术替代稀疏化准则,可以对输入空间进行压缩,从而抑制核学习算法中径向基函

数(Radialbasisfunction,RBF)结构的增长。为验证该算法的有效性,将其应用于CSTR过程的模型辨识中,
构建冷却剂流量与生成物浓度之间的非线性映射关系。此外,将所提算法与最小二乘支持向量机(Least
squaresupportvectormachine,LS-SVM)、回声状态网络(Echostatenetwork,ESN)以及核极限学习机

(Extremelearningmachinewithkernels,KELM)等算法进行比较。实验结果表明,在同等条件下,本文所提

算法具有更高的辨识精度和更好的在线学习能力。
关键词: 核学习算法;量化核最小均方;连续搅拌反应釜;系统辨识
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