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1 Introduction

The simulationof fire signalsis animportanttool in automaticfire detection.It is useful
for developingnew detectionalgorithmsor for testingexistentalgorithms. Simulations
malke it possibleto developalgorithmsfor fire detectionwithout expensve measurements
in fire detectionlaboratories.This article introducesa first approactof a generaimethod
of simulation.The basisof sucha simulationis a statisticaimodelof the measuredignal
which describeghe fire. In this article the point of view lies on the signal processing
and decisionmaking part of the automaticfire detection[1], wherewe concentrateon
scatteringlight detectors.Thosesignals(figure 1) often includeimpulsive parts,which
have beenseenasnoisein earlierapproachef, 3]. There,theimpulsive noisehasbeen
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Figurel: Signalof scatterindight detector{samplingrate1hz)



suppresseih afirst stepof dataprocessin@ndhasbeenaddedn afurtherstepasadditve
noisesignal.Here,in ourgenerabpproachtheimpulsesareseerasapartof thesignaland
will be simultaneouslyconsideredy simulatingthe signalto circumwentthe inefficient
andmaybeunpreciséwo-stepapproach.

2 Motivation

Oneadwantageof simulatingfire signalsis the possibility of testingdetectionalgorithms
with afew numberof measuredire signals.Fire signalswhichweremeasuredby testfires
canbeusedto simulatenew fire signals.Soafterchanginghe parametersf analgorithm
or developinga new algorithm,thesesimulatedsignalscanbe usedto testthe algorithm.
This testcanbe doneon a PC without implementingthe algorithmon any hardware. To
achieve comparabldestresultsa large numberof testswith differentdataare necessary
With simulatingfire signalsit is possibleto generatea large numberof datawithout mea-
suringa lot of testfires. This meanssaving time andcosts. Difficulties with simulating
the signalsof a scatterindight detectoraredescribedn the next section.

3 Modd of the Signal

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

Y(K) = Xy(K) + X (K

with
Y (k): measuredignal
X4(k): deterministigoartof thefire signal
X(K): statisticpartof thefire signalincludingnoise



The figures2 and 3 show the deterministicand the statisticalpart of the signal shavn
in figure 1. The deterministicpartis supressedh the first stepof processinghe signal
simply by highpassfilteringonly the statisticalpart will be simulated. The figure 3
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Figure3: statisticalpartof thefire signal

shaws thatthe fire signalis not stationarythe statisticpropertieschangewith time. But
thesignalcanbeseparatedhto stationarysegmentsof differentlength. This is doneafter
filtering the deterministicpart of the signal. Thereforethe signalpower of the signalis
evaluated.lt is obviousthatthe signalenegy of the signalin figure 3 for 0 < k < 700is



lessthanthe enepgy for k > 700. he stationarysegmentsof the fire signalaredescribed
by anautorgressie AR) processX (k) of theorderp, whichlooksasfollows

X (k) = iaiX(k—i)JrN(k),

whereX(k—i) areformer sampleof the signal X (k) andN(K) is a so-calledstabledis-
tributedrandomprocess So X (k) atthediscrettime k is the sumof formervaluesof the
signalX (k—i) which areweightedwith the coefientsa; andthe noisesignalN(k) atthe
samepoint of time. For simulatingthe signalthe coeficientsa; have to be estimatedoy
the givenmeasureaignal X (k). Figure4 shavs suchan AR model,wherez 1 is atime
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Figure4: autorgressve (AR) model

delayof onesample.

4 Symetric a-Stable (SaSNoise)

In this generalapproachsymetrica-stable(Sa S) noisewith zeromeanis usedasinput
signalfor the AR modelto simulatethefire signal. A randomvariableis calleda-stable,



if its characteristiéunction(theFouriertransformatiorof theprobabiltydensityfunction)
canbedescribedasfollows [6]
6(2) ="

with
0 < a < 2: characteristi@xponent
y > O: dispersion

Figure 5 shavs an examplefor a SaS stablerandomsignal Ng, (k) with a = 1.5. A
specialcaseof the symetric a-stabledistribution is the gaussiandistribution which is
describedby a = 2. Figure 6 shavs the probability densityfunction pNSas(n) of SaS
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Figure5: a-stabledistributionwith a = 1.5

signalswith differentcharacteristiexponentsa. Thediagramshavsthatwith decreasing
a the tails of the function becomedheavier. For a = 2, the gaussiarcasethe tails are
thesmallest Becausef the heavy tailsthereis oneproblemwith processingignalswith
a-stabledistribution. Themomentswith aorderof o or higherdo not exist exceptfor the
specialcaseof thegaussiamistribution. For this reasorestimationproceduresvhich use
secondor higherordermomentscannot be usedin the caseof a-stabledistributionwith
a < 2 asthe popularleastsquaregLS) methodfor example. In this caseothermethods
haveto beused.In theliteraturetherearedifferentsolutionsfor this problem[6, 4]. Some
of thesesolutionsaremodifiedLS methodsor uselower order(p < 2) moments.
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Figure6: a-stabledistributionwith a = 1.5

5 Simulation with gaussian Noise

The objectof this approach2] is the estimationof the parameter®f the AR process
which describeghe signal. As describedbeforethe signal X (k) hasto be separatedn
stationaryseggments. The sggmentationis donewith the Maximum-Likelihood method
wherethe enepgie of the predictionerrorsof differentsignalsegmentsarecomparedThe
predictionerroris calculatedn thefollowing way

A(k) = iéix(k— i)+ x(K),

wheref(k) and &, areestimatedvalues. The AR parameters, are estimatedoy mini-
mizing this predictionerror. During this segmentatioralgorithmtheimpulsive partof the
signalis supressedlf the enegy of the predictionerror exceeda thresholdthe signalis
extrapolatedat this point of time. The extrapolatedsalueof thesignalis calculatedoy an
AR processisingformervaluesof thesignalasinputin the following way

p
K= 3 &(Kxk=)

wherethe AR parameteichangewith every stepof iteration. After finding the steady
sgmentstheir AR parametersreestimatedoy usingthe leastsquaresnethoddor each



of the sgments. With this AR parametersindthe limits of the segmentsthe stationary
segmentsof the fire signal can be simulated. After the simulationa randomsignal is

generatedvhich containsthe impulses. This signalis addedto the simulatedsignal.
Figure7 shavs a schematiaiagramfor this classicalapproach.
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Figure7: Structureof classicakimulationapproach

6 Simulation with a-stable Noise

In our approachof simulatinga fire signal,the impulsesarenot interpretedasnoisebut
asa part of the signal. Contraryto the algorithmdescribedn the in sectionbeforethe
impulsesarenot supressetbut consideredht the estimationof the AR parameterThere
aredifferentmethodslescribedn theliteratureto estimateAR parametefor modelswith
impulsive noiseasinput signal[6, 4]. In this work a methodis usedwhich minimzesthe
p-th ordermoment.The minimizing problemof this | ,-normlooks asfollows:

K N
argming 5 [x(k) = 5 aax(k—n)[P
K=1

n=1

where
a=[a;,a,,...,ay]": estimatedR coefients
x(k)=0fork<0
l<p<a
K: singlelengthof x(k)
N: orderof AR model



This |y normis a generalizatiorof the leastsquaresieviation wherep is equalto 2. In

this work the iteratively reweightedleastsquaregIRLS) algorithmis usedto solve the
minimization problem|[4, 8]. The algorithm startswith the LS solutionandin every
stepit solvesa weightedLS solutionwherebythe weightsarethe iteratively calculated
residualsof thesignal. Thealgorithmlooksasfollows [4, 5]

1 a0)=(x"x) 'x's

2. 1 (i) = [s—xa(i)ly

3. Wy (i) = plry ()P~

4. a(i+1)=(x"W(@i)x)"xTW()s

lIr (D)1 5y = Ol
5. IF IIr(?)H(p) P < € thenstop

elsegoto step2)

where
a(i): theparametersf the AR modelatthei-th iteration
s: onevalueshiftedversionof the datavectorx = [x(k—1),x(k— 2),...]
r: residualvector
W: diagonalmatrix of theresiduals(weightmatrix)V\/i,j =0ifi# ]

H(p) =: thep-th norm\r(i)|(p) =y Ir()[P

X: matrix of thedata

x1) 0 o\
x(2)  x(1) 0
=1 xp) xP-1) x(1)

P: orderof the AR model
L: lengthof the signal
Thestructureof thealgorithmis shovn in figure8. This algorithmhasbeenimplemented
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Figure8: Structurof theIRLS algorithm

to estimatehe AR parametefor simulating the signal of a scattering light detector. The
structureof simulatinga signalwith the IRLS algorithmis similar to the oneshawn in
figure 7 exceptthatthe impulsesupressions not necessarandtheinput of the AR filter
is SaSnoise.

6.1 Simulation of Fire Signals

After estimatinghe AR parametethestationarysegmentsof themeasuredire signalcan
be simulatedby usingan AR modelwith the estimate¢parametersThis leadsto another
signalwhich exhibits the samestatistical propertiesasthe measuredignal. Of courseit
doesnot look the same.Theinput of thisfilter is a-stablenoisewith the samestandard
deviation asthe fire signal. a can be estimatedfrom the signal. Thereare different
approachesor the estimationof a. In this work thelog|Sa S| [6, 7] estimatoris used.
With thelog|Sa S| estimatora new randomvariableY is evaluatedwhereY (k) is

Y (k) =1og[X(K)|,

X (k) is a Sa Srandomvariable.For the estimationof o existsthefollowing equation:

— f(i + })
6 a2 2
which only depend=n a. The varianceof Y (k) exists and canbe estimatedrom the

Var (Y (k))

samplef the known signalY (k) andthe meanvalue. This estimationgivesvery good



resultsfor alarge numberof sampleq e.g. 10000samples¥or signalswith few samples
( e.g. 100 samples)he simulatedvalue of a deviatesfrom the real value. Figure9

T 1500

X(k)

1000

500+ *

—500 *

_1000 1 L L 1
(0] 200 400 600 800 1000

Figure9: Measuredandhighpass-filteredire signalpart

shows the high frequencepart of the signalof a testfiremeasuredvith a scatteringight

detectoyfigure 10 shaws a simulationof this fire signalwith stablenoisewith the char

acteristicexponenta = 1.8. It canclearlybeseenhatbothsignalhave hesamestatistical
properties.

7 First Conclusion

Both the modelusinggaussiamoiseaswell asthe onewhich usesgeneralstablenoise
have advantagesinddisadantagesin thefirst algorithmnotall theimpulsesof thesignal
aresuppressedndafterthe simulationnot all the foundimpulsesareaddedto thesignal
again.The correlationof theimpulsesgetslost by fitting theimpulsesinto the simulated
signalin a brutal manner One benefitof the estimationof AR model parametersy
usingleastsquaress thatit is a well known procedureandthe algorithmcornvergesfast.
By usingthe IRLS algorithm the supressiorof the impulsesis not necessary On the
otherhandusingan AR modelwith impulsive noiseto simulatethe fire signalexceeds
the following problem. The numberandthe amplitudeof the impulsesdependson the
valuea. If a decreasethe numberof impulsesandthe amplitudeincreases.lt is not
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Figurel10: Simulatedfire signalpart

possibleto generatenoisewith lessimpulsesbut with a high amplitudeby usinga-stable
noise. In the signalsof scatteringlight detectorsthere are few impulseswith a high
amplitudecomparedo the signal. Soit maybe necessaryo chooseanotherinput signal
then a-stablenoise.Thefigures9 and 10 shov an examplewherethe simulatedsignal
correspondsery goodto the measuredignal,but this mustnotbe. Oneadvantageof the
algorithmusingstablenoiseis thatthe correlationof theimpulsess still containedn the
simulatedsignal.

Actually a combinationof both describedalgorithmsis alreadyrealised. The sggmenta-
tion is donewith the algorithmsusingthe LS method,thenthe AR parametergor the
modelare estimatedwith the IRLS algorithmfor every found segment. In the literature
exist fastevaluationechniquedor the IRLS algorithmwhich arebasedon FFT [9], so
thattheimplementedRLS algorithmbecomeaster
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