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A General Approach for Simulating Signals
of Scattering Light Detectors

1 Introduction

Thesimulationof fire signalsis animportanttool in automaticfire detection.It is useful

for developingnew detectionalgorithmsor for testingexistentalgorithms.Simulations

makeit possibleto developalgorithmsfor fire detectionwithoutexpensivemeasurements

in fire detectionlaboratories.This articleintroducesa first approachof a generalmethod

of simulation.Thebasisof suchasimulationis astatisticalmodelof themeasuredsignal

which describesthe fire. In this article the point of view lies on the signalprocessing

anddecisionmakingpart of the automaticfire detection[1], wherewe concentrateon

scatteringlight detectors.Thosesignals(figure 1) often includeimpulsive parts,which

have beenseenasnoisein earlierapproaches[2, 3]. There,theimpulsivenoisehasbeen
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Figure1: Signalof scatteringlight detector(samplingrate1hz)



suppressedin afirst stepof dataprocessingandhasbeenaddedin afurtherstepasadditve

noisesignal.Here,in ourgeneralapproachtheimpulsesareseenasapartof thesignaland

will besimultaneouslyconsideredby simulatingthesignalto circumvent the inefficient

andmaybeunprecisetwo-stepapproach.

2 Motivation

Oneadvantageof simulatingfire signalsis thepossibilityof testingdetectionalgorithms

with afew numberof measuredfire signals.Firesignalswhichweremeasuredby testfires

canbeusedto simulatenew fire signals.Soafterchangingtheparametersof analgorithm

or developinga new algorithm,thesesimulatedsignalscanbeusedto testthealgorithm.

This testcanbedoneon a PCwithout implementingthealgorithmon any hardware. To

achieve comparabletestresultsa largenumberof testswith differentdataarenecessary.

With simulatingfire signalsit is possibleto generatea largenumberof datawithout mea-

suringa lot of testfires. This meanssaving time andcosts.Difficultieswith simulating

thesignalsof ascatteringlight detectoraredescribedin thenext section.

3 Model of the Signal

The basisof the simulationis an additive modelof the signal, that canbe describedas

follows:

Y � k ��� Xd � k ��� X � k �
with

Y � k � : measuredsignal

Xd � k � : deterministicpartof thefire signal

X � k � : statisticpartof thefire signalincludingnoise



The figures2 and3 show the deterministicand the statisticalpart of the signalshown

in figure 1. The deterministicpart is supressedin the first stepof processingthe signal

simply by highpassfiltering,only the statisticalpart will be simulated. The figure 3
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Figure2: deterministicpartof thefire signal
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Figure3: statisticalpartof thefire signal

shows that thefire signalis not stationary, thestatisticpropertieschangewith time. But

thesignalcanbeseparatedinto stationarysegmentsof differentlength.This is doneafter

filtering the deterministicpart of the signal. Thereforethe signalpower of the signalis

evaluated.It is obviousthatthesignalenergy of thesignalin figure3 for 0 � k � 700is



lessthantheenergy for k 	 700. hestationarysegmentsof thefire signalaredescribed

by anautoregressiveAR) processX � k � of theorderp, which looksasfollows

X � k �
� p

∑
i � 1

aiX � k � i ��� N � k ��

whereX � k � i � areformersamplesof thesignalX � k � andN � k � is a so-calledstabledis-

tributedrandomprocess.SoX � k � at thediscrettime k is thesumof formervaluesof the

signalX � k � i � which areweightedwith thecoeffientsai andthenoisesignalN � k � at the

samepoint of time. For simulatingthesignalthecoefficientsai have to beestimatedby

thegivenmeasuredsignalX � k � . Figure4 shows suchanAR model,wherez � 1 is a time

X � k �N � k �
a1

a2

ai

z � 1

z � 1

z � 1

Figure4: autoregressive(AR) model

delayof onesample.

4 Symetric α-Stable (SαS Noise)

In this generalapproachsymetricα-stable(SαS) noisewith zeromeanis usedasinput

signalfor theAR modelto simulatethefire signal.A randomvariableis calledα-stable,



if its characteristicfunction(theFouriertransformationof theprobabiltydensityfunction)

canbedescribedasfollows [6]

ϕ � z ��� eγ � z � α
with

0 � α � 2: characteristicexponent

γ 	 0: dispersion

Figure5 shows an examplefor a SαS stablerandomsignal NSαS � k � with α � 1 � 5. A

specialcaseof the symetricα-stabledistribution is the gaussiandistribution which is

describedby α � 2. Figure6 shows the probability densityfunction pNSαS
� n � of SαS
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Figure5: α-stabledistributionwith α � 1 � 5
signalswith differentcharacteristicexponentsα. Thediagramshowsthatwith decreasing

α the tails of the function becomesheavier. For α � 2, the gaussiancase,the tails are

thesmallest.Becauseof theheavy tails thereis oneproblemwith processingsignalswith

α-stabledistribution. Themomentswith aorderof α or higherdo not exist exceptfor the

specialcaseof thegaussiandistribution. For this reasonestimationprocedureswhichuse

secondor higherordermomentscannot beusedin thecaseof α-stabledistributionwith

α � 2 asthepopularleastsquares(LS) methodfor example. In this caseothermethods

haveto beused.In theliteraturetherearedifferentsolutionsfor thisproblem[6, 4]. Some

of thesesolutionsaremodifiedLS methodsor uselowerorder � p � 2� moments.
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Figure6: α-stabledistributionwith α � 1 � 5
5 Simulation with gaussian Noise

The object of this approach[2] is the estimationof the parametersof the AR process

which describesthe signal. As describedbeforethe signalX � k � hasto be separatedin

stationarysegments. The segmentationis donewith the Maximum-Likelihoodmethod

wheretheenergie of thepredictionerrorsof differentsignalsegmentsarecompared.The

predictionerroris calculatedin thefollowing way

n̂ � k ��� p

∑
i � 1

âix � k � i ��� x � k ��

wheren̂ � k � and âi areestimatedvalues. The AR parameterŝai areestimatedby mini-

mizing thispredictionerror. During thissegmentationalgorithmtheimpulsivepartof the

signalis supressed.If theenergy of thepredictionerrorexceeda thresholdthesignalis

extrapolatedat this point of time. Theextrapolatedvalueof thesignalis calculatedby an

AR processusingformervaluesof thesignalasinput in thefollowing way

x̂ � k ��� p

∑
i � 1

âi � k � x � k � i ��

wherethe AR parameterchangewith every stepof iteration. After finding the steady

segmentstheir AR parametersareestimatedby usingthe leastsquaresmethodsfor each



of thesegments.With this AR parametersandthe limits of the segmentsthestationary

segmentsof the fire signal can be simulated. After the simulationa randomsignal is

generatedwhich containsthe impulses. This signal is addedto the simulatedsignal.

Figure7 showsaschematicdiagramfor this classicalapproach.
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Figure7: Structureof classicalsimulationapproach

6 Simulation with α-stable Noise

In our approachof simulatinga fire signal,the impulsesarenot interpretedasnoisebut

asa part of the signal. Contraryto the algorithmdescribedin the in sectionbeforethe

impulsesarenot supressedbut consideredat theestimationof theAR parameter. There

aredifferentmethodsdescribedin theliteratureto estimateAR parameterfor modelswith

impulsivenoiseasinput signal[6, 4]. In this work a methodis usedwhich minimzesthe

p-thordermoment.Theminimizingproblemof this lp-normlooksasfollows:

argminâ

K

∑
k � 1

�
x � k ��� N

∑
n � 1

ânx � k � n � � p
where

â ��� a1 
 a2 
������ 
 aN ! T : estimatedAR coeffients

x � k �"� 0 for k � 0

1 � p � α
K: singlelengthof x � k �
N: orderof AR model



This lp norm is a generalizationof the leastsquaresdeviation wherep is equalto 2. In

this work the iteratively reweightedleastsquares(IRLS) algorithmis usedto solve the

minimization problem[4, 8]. The algorithm startswith the LS solution and in every

stepit solvesa weightedLS solutionwherebythe weightsarethe iteratively calculated

residualsof thesignal.Thealgorithmlooksasfollows [4, 5]

1. a � 0���#� χT χ �$� 1χT s

2. rk � i ����� s � χa � i � ! k
3. Wkk � i ��� p

�
rk � i � � p � 2

4. a � i � 1 ���%� χT W � i � χ � � 1χT W � i � s
5. IF

�&� r ' i ( 1)*�+� , p - � �+� r ' i ).�&� , p -�+� r ' i ).�&� , p - � ε thenstop

elsego to step2)

where

a � i � : theparametersof theAR modelat thei-th iteration

s: onevalueshiftedversionof thedatavectorx �%� x � k � 1��
 x � k � 2��
������ !
r: residualvector

W: diagonalmatrixof theresiduals(weightmatrix)Wi / j � 0 if i 0� j�1� ' p ) � : thep-th norm
�
r � i � � ' p ) � p

2
∑k

�
rk � i � � p

χ : matrixof thedata

χ �

344444444444
5

x � 1� 0 ����� 0

x � 2� x � 1� ����� 0
...

...
...

x � P � x � P � 1�6����� x � 1�
...

...
...

x � L � x � L � 1� ����� x � L � P � 1�

7988888888888
:

P: orderof theAR model

L: lengthof thesignal

Thestructureof thealgorithmis shown in figure8. Thisalgorithmhasbeenimplemented
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Figure8: Structurof theIRLS algorithm

to estimatetheAR parameterfor simulating the signal of a scattering light detector. The

structureof simulatinga signalwith the IRLS algorithmis similar to the oneshown in

figure7 exceptthattheimpulsesupressionis not necessaryandtheinput of theAR filter

is SαS noise.

6.1 Simulation of Fire Signals

After estimatingtheAR parameterthestationarysegmentsof themeasuredfire signalcan

besimulatedby usinganAR modelwith theestimatedparameters.This leadsto another

signalwhich exhibits thesamestatistical propertiesasthemeasuredsignal.Of courseit

doesnot look thesame.Theinput of this filter is α-stablenoisewith thesamestandard

deviation as the fire signal. α can be estimatedfrom the signal. Thereare different

approachesfor the estimationof α. In this work the log
�
SαS

�
[6, 7] estimatoris used.

With the log
�
SαS

�
estimatora new randomvariableY is evaluatedwhereY � k � is

Y � k ��� log
�
X � k � � 


X � k � is a SαS randomvariable.For theestimationof α existsthefollowing equation:

Var � Y � k ����� π2

6
� 1
α2 � 1

2
�

which only dependson α. The varianceof Y � k � exists andcanbe estimatedfrom the

samplesof theknown signalY � k � andthemeanvalue. This estimationgivesvery good



resultsfor a largenumberof samples( e.g.10000samples)for signalswith few samples

( e.g. 100 samples)the simulatedvalueof α deviatesfrom the real value. Figure9
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Figure9: Measuredandhighpass-filteredfire signalpart

shows thehigh frequencepartof thesignalof a testfiremeasuredwith a scatteringlight

detector, figure 10 shows a simulationof this fire signalwith stablenoisewith thechar-

acteristicexponentα � 1 � 8. It canclearlybeseenthatbothsignalhavehesamestatistical

properties.

7 First Conclusion

Both themodelusinggaussiannoiseaswell asthe onewhich usesgeneralstablenoise

haveadvantagesanddisadvantages.In thefirst algorithmnotall theimpulsesof thesignal

aresuppressedandafterthesimulationnot all thefoundimpulsesareaddedto thesignal

again.Thecorrelationof theimpulsesgetslost by fitting theimpulsesinto thesimulated

signal in a brutal manner. One benefitof the estimationof AR model parametersby

usingleastsquaresis that it is a well known procedureandthealgorithmconvergesfast.

By using the IRLS algorithm the supressionof the impulsesis not necessary. On the

otherhandusingan AR modelwith impulsive noiseto simulatethe fire signalexceeds

the following problem. The numberandthe amplitudeof the impulsesdependson the

valueα. If α decreasesthe numberof impulsesandthe amplitudeincreases.It is not
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Figure10: Simulatedfire signalpart

possibleto generatenoisewith lessimpulsesbut with ahighamplitudeby usingα-stable

noise. In the signalsof scatteringlight detectorsthereare few impulseswith a high

amplitudecomparedto thesignal.Soit maybenecessaryto chooseanotherinput signal

thenα-stablenoise.Thefigures9 and 10 show an examplewherethe simulatedsignal

correspondsverygoodto themeasuredsignal,but thismustnotbe.Oneadvantageof the

algorithmusingstablenoiseis thatthecorrelationof theimpulsesis still containedin the

simulatedsignal.

Actually a combinationof bothdescribedalgorithmsis alreadyrealised.Thesegmenta-

tion is donewith the algorithmsusing the LS method,then the AR parametersfor the

modelareestimatedwith the IRLS algorithmfor every foundsegment. In the literature

exist fastevaluationechniquesfor the IRLS algorithmwhich arebasedon FFT [9], so

thattheimplementedIRLS algorithmbecomefaster.
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deckung.PhDThesis,UniversiẗatDuisburg, Germany, 1992

[3] FischerA. Ein nichtlinearesSignalmodellfür ZufallsprozesseaufderBasisderMul-

tilayerPerzeptrons.PhDThesis,UniversiẗatDuisburg, Germany, 1995
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