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ABSTRACT

Waveletanalysigs appliedto the microvariability light curvesof blazar0716+7140ON231andBL Lac. We
analyzedl3 microvariability light curvesanddeterminedhetwo mostpowerful periodsfor eachdatasetusing
thelDL wavelettoolkit. Periodsverecomparedetweerdatasetsto identify trends.Relatvistic cosmological
andbeamingeffectswereusedio determingheperiodsin therestframeof theobjects. Theseoeriodswerethen
usedto draw conclusionaboutthe physicalconditionsin therelatiistic jet. We interpretthe ux variationsin
termsof collective plasmaprocesses thejets. Fromour analysisjnhomogeneitiein theambienjet medium

arealengthscalesof 10'® meters.

Subjectheadingsblazar:general— blazar:individual (0716+7140ON231,BL Lac)— blazar:microvariabil-

ity — wavelet: application

1. INTRODUCTION

An Active GalacticNuclei (AGN) is atype of objectthatis
extremelydistantfrom earthandassuchhasmary unknovn
properties.However, it hasbeenwell establishedhatat the
centerof anAGN thereis asupemassie blackhole. A super
massve blackholeis anobjectthatis upto 10° timesthemass
of thesunandis compactedo anextremelysmallsizedueto
anintensegravitational eld. This blackholeis rotatingand
surroundedn the equatorialplaneby anaccretiondisk. The
accretiondisk dravs matterandmagneticelds into theblack
hole. Two jetscomposeaf particlesmoving outwardsareac-
celeratedrom theblackholeatrelativistic speedgerpendic-
ularto theaccretiondisk andemit synchrotrorradiation.In a
blazar we think thejet is pointeddirectly toward earthwhich
causeghe relatwistically beamedet emissionto drown out
the disk emission.In mary ways,the acceleratiorprocesses
involved in theserelatiistic jets still eludesscientists. One
theory statesthat the jets are acceleratedby a wind blowing
off the accretiondisk which causegheseparticlesto form a
jet-like stream.However, this theorydoesnot accountor the
collimation of the jets. Anothergroup of theoriesstatesthat
thesejets are acceleratedEMF forcesby the twisting of the
large-scalemagnetic elds surroundingthe black hole dueto
rotationandthecurvedspaceandtime coordinatesThestruc-
tureandlengthscalesf theinnerjetsareun-resohedandare
animportanttopic of muchresearchWe hopeto usethe mi-
crovariationsstudiedhereto gain insightinto the structureof
theinner, unresoledportionsof theserelatiistic jets.

Studying blazarshas shovn that over time, the apparent
magnitudeof the blazarchanges. Sincethe jet of a blazar
is directedtoward Earth, this meanghatthereis someinter-
nal processoccurringwithin the relativistic jets that causes
brightnessuctuations. Thelevel of enegy emittedby arela-
tivistic jet of ablazarhasbeenshavn to vary overtimescales
of years, months,weeks, days, and in some cases,hours.
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Whenthe brightnesdevel of a blazarvarieson the scaleof
minutesto hoursit is referredto asmicrovariability. It is be-
lievedthatthis microvariability could give usphysicalinsight
into the structureof the jet. Microvariability timescalesvere
determinedby Downs et al. (2006) and Wilkat et al. (2002)
usingthe DFT andFFT. Noise propertiesandthe possibility
that the microvariability found in blazarsis a resultof noise
was studiedby Azarniaet al. (2005). They found that there
wasmorein the signalthansimply noise.

2. OBSER/ATIONS AND DATA REDUCTION
2.1. Souceselection

We chosethreeBL Lac sourcedor thisstudy BL Lacitself
is a nearbybright sourcethatis the prototypefor the BL Lac
classof objects.It hasalong historyof opticalvariability, and
wasoriginally believedto be anirregularvariablestarbefore
it wasshavn to be extragalacticin nature.ON 231is aradio
selectedBL Lac and hasshavn rapid optical ares in past
obsenations. The source 0716+714is a very bright BL Lac
andis ideally locatedin the sky for obserationsmostof the
year The obsenationsof 0716+714were madeat the Dark
Sky Obsenatory (DSO) by J.T. Pollock. Thesethreeobjects
were chosenbecauseahey have demonstratedariability on
all timescalesandareknown to have shavn microvariability
in theirlight curves. For this study the mainselectiorcriteria
were:

2 jf the objecthaspreviously shavn microvariability,
2 thelengthof thedatasetsarelong(, 5hourswasideal)

2 multiple datasetswereavailablefor the sameobjecton
differentdategexceptON 231)

2 the quality of the photometrywasexcellentso the mi-
crovariationswerewell abore thenoise.

Tablel givespertinentinformationon eachof the objectsse-
lectedfor thisstudy Column1 givesthecommormamewhile

columns2 and3 give thelocationandcolumn4 lists thered-
shift. Column5 indicatesthereddeningvalueusedto reduce
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TABLE 1
OBJECT INFORMATION

name RA Dec E(B-V) P classi®cation
0716+714 7:21:53.4 71:20:36 0.300000 0.031 9.56 HPQ* BLLAC
ON231  12:21:31.7 28:13:59 0.102000 0.023 1.5 BLLAC
BL Lac  22:02:43.3 42:16:40 0.068600 0.329 3.8 BLLAC

NoOTE. b dataobtainedrom NASA/IPAC ExtragalacticDatabas¢NED)

@High polarizationquasar

b0716+714rom Downsetal. (2006),0N231andBL Lacfrom Jiangetal. (1997)

TABLE 2
MICROVARIABILITY OBSERVATION DATA

object date index# duration(hrs) telescope exposuretime(sec) reductionprogram
0716+714 1/21/2004 1 5 DSO 200 MIRA
0716+714 1/23/2004 2 7.3 DSO 200 MIRA
0716+714 2/21/2004 3 9.9 DSO 200 MIRA
0716+714 3/10/2004 4 9.5 DSO 200 MIRA
0716+714 3/22/2004 5 8.7 DSO 200 MIRA
0716+714 11/13/2004 6 9.3 DSO 200 MIRA
0716+714 12/27/2004 7 11.7 DSO 200 MIRA
0716+714 2/17/2005 8 10.8 DSO 200 MIRA
ON231 4/25/1998 9 8.3 DSO 300 MIRA
BL Lac 7/10/2005 10 55 SARA 200 MIRA
BL Lac 7/11/2005 11 35 SARA 200 MIRA
BL Lac 10/1/2005 12 55 SARA 200 MIRA
BL Lac 10/31/2005 13 4 SARA 200 MIRA

thephotometryandcolumneé lists therelatiistic Dopplerfac-
tor from the literatureusedto corvert the luminosity to the

Sjetrestframel. The nal columnliststheclassi cations.

2.2. Photometry

The equipmentusedat Dark Sky Obsenatory (DSO), lo-
catedin Northwesterncornerof North Carolinaand run by
AppalachianStateUniversity, wasthe .81 m f/13 Cassgrain
telescopavhichusesaPhotometric€H 250cameraAll data
from 0716+714weretaken usingthe R band Iter. Images
of ON231werealsoobtainedfrom J.T Pollock. The South-
easternAssociationof Researchin Astronomy(SARA) 0.9
m telescopeat Kitt Peak,AZ wasusedto obtainimagesof
BL Lac. The dataimagesfor this studywerereducedusing
MIRA. SeveralBL Laccurvesshavederraticcomparisorstar
deviationsandhadto be re-reducedecausef a problemin
thecosmicray Iter . Whenthecosmicray Iter wasappliedto
theseimagesin the rst photometrysessionijt createdholes
within the stellarimageswhich affectedthe magnitude.We
re-reducedhe original imagesandthe cosmicray lter was
usedto a minimal extent. This eliminatedthe holesin the ob-
jectsandyielded muchimproved photometry Table 2 lists
therelevantdetailsof the obsenationswe analyzedncluding
the datesof the obsenations(column?2), the durationof the
microvariability runs(column4), andthe exposuretimesfor
eachimage(column®6).

2.3. Time SeriesAnalysistechniques

The study of brightnessvariability in thesejets over time
canbe studiedusingtimescaleanalysis. The traditionalway
to determinetimescaleds to usea Fourier transform. The
Fourier transformessentially ts sine waves of varying fre-
guenciesandamplitudego adatasetanddetermineion well
thesinewavefollowsthedataset. TheDiscreteFourierTrans-

form (DFT) and FastFourier Transform(FFT) were usedin
previousstudiegWilkat etal. (2002);Downsetal. (2006))to
modelblazarmicrovariability. A more mathematicalljcom-
plicatedand possiblyaccuratemodelis known asa wavelet.
Wavelets are similar to planewave tting routines, except
they are not planewaves, but spatially isolated“wavelets”.
The waveletis scaledin time to the lengthof the time series
and t in frequeng, amplitudeandtime. Thus,to represent
awavelet, you needthreeaxes, period (frequeng), time and
power.

Essentiallyawaveletfunctionis usedto divide aninputsig-
nal into its varying frequeng components.Becauseof this
functionality, thewaveletis extremelyusefulfor datasetsthat
have discontinuitiesor sharppeaksmuchlik e the microvari-
ability thatis analyzedn this study Thiswaveletmodelis the
resultof applyingasmallwaveletfunctionover adatasetand
using a scalingfunction. Thereare mary differentwavelet
families eachof which containsa differenttype of wavelet
function. For example,a Morlet waveletfunction (Goupillaid
etal. (1984))withanorderof six appearsn Figurel. This
smallwaveletis thenappliedto the datasetutilizing varying
periodsandamplitudego determinghe periodof best t.

We used two programs written in the IDL: the
IDL wavelet toolkit and a wavelet program writ-
ten by Torrence and Compo (available at URL:
http://paos.colorado.edu/research/falets/). The wavelet
programallows the userto import datainto the programand
thenshaws theresultingwaveletin atwo-dimensionagraph.
This graphshavs thetime on thex-axisandthe periodon the
y-axis. A color scaleis usedto shav power or the periods
at which the wavelet function had a high correspondence
to the data set imported (highest power). Similarly, the
wavelettoolkit allows the userto import datasetsand plots
thewaveletpower spectrumn three-dimensionallowing the
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FIG. 1.D Morlet order6 wavelet. The x-axisis the scaledwaveletlength,
andtheverticalaxisis the scaledwaveletamplitude.

userto view the z-axisboth physically andthrougha sliding
color scale. The toolkit also allows the userto changethe
wavelet family and orderwith a simpleclick. The usercan
alsochangethe appearancef the wavelet modelor display
signi cance levels up to the 99.9%level. On the far right
side of the active window which displaysthe model, the
meanpower value of a particularperiodis displayedwhich
allows easyidenti cation of the mostrelevant period. We
testedthe wavelet methodby applying the wavelet analysis
to sine waves generatedn order to learn how to interpret
the resulting wavelet spectrum. In order to enhancethe
understandingf the wavelet spectrum,the following were
used:Figure2 showns the wavelet power spectrunof random
noisewith the sameamplitudesasour light curves. None of

thefeaturesof thewaveletpower spectrumweresigni cantly

above the 99% signi cance surface. The x-axis is the time
axisin arbitrarytime units, while they axisis the scaleaxis,
or periodaxis. The z-axisis the power of the waveletwith a
particularscaleat a particulartime. It is alsocolor-codedfor

easierinterpretationof the power. Notethe panelat the rear
of the diagramis the actuallight curve analyzed(hiddenin
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FIG. 2. Threedimensionawavelet spectrumof Randomnoise. The x-
axisis thetime or durationaxis,the y-axisthe scalefactoror period,andthe
z-axisthe waveletpower. The backpanelshavs a plot of the original light
curve, while the sidepanelshavs the averagepower asa functionof scaleor
period

this Figure by the con dencesheet)andthe left panelis the
integratedpower asafunctionof scale.

Similarly, we generatecpure sine waves, and sine waves
with noiseadded.The wavelet could easilydistinguishiden-
tify the sinefunctionevenif the noisewassigni cant. Figure
3 shaws the wavelet spectrumof a sine wave with a modest
amountof noiseadded.The axesarethe sameasin Figurel.
Notethe 99% contoursheets well belov the signal.

FiG. 3.D Sinewave with period64 andrandomnoiseadded(seecaption
for Figure2)

2.4. DataReduction

The original light curve datasetswere importedinto the

two IDL programsin the format of hoursvs. magnitude(or
ux in the caseof 0716+714).The waveletsthatweregener
atedshavedastronglineartrendwhichdenotedhelong-term
variability which wasnot an aspecbf this study In orderto
studythe microvariationsthe long-termvariability neededo
be removed. This wasaccomplishedy removing the linear
trendfrom theindividual datasets.

All of the wavelets generatedshaved at least one very
strongperiodthatwaswell above the 95% signi cancelevel
and, in most cases,above the 99% signi cance level. As
shawn in the samplesinewaves, ary periodthat was above
this signi cance level wasimportantto the datasetthatwas
beinganalyzedIn bothof the programaused therewasorig-
inally noway to print out the numericalvaluesof the models
usedto plot the wavelet. In orderto recover the numerical
valueswe wrote an IDL wave outputprogramthat extracted
the dataplotted by the wavelet programs.The programalso
searchedor the maximumpower and selectsout that power
andits correspondingperiod andtime values. All of this is
savedto a le whichis de ned by the user The maximum
power, with the correspondindgime and period components,
is printedat thetop of the document After this programwas
written, all of the datapointswithin eitherprogramcould be
printedoutandsavedto a le. Whenthe programwasused
and comparedto the datasetsof 0716+714,it was noticed
that the wavelet toolkit performsa corversion betweenthe
true periodthatis representednthegraphandscalecperiods
that are actually storedin the program. The transformation
betweerthesevalueswasnotgivenandeventhetechsat IDL
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TABLE 3
PERIODICITY DATA FOR OBJECTS 0716+714, ON231, BL LAC

index# | 1% period(hrs) 2" period(hrs) maxpower | compperio® compperiod | luminosity[log(ems/sec)]
1 1.29 3.65 0.000892 1.42 3.40 31.65
2 5.78 0.0387 6.71 31.69
3 5.78 0.00661 7.83 31.43
4 4.86 2.05 0.0131 6.23 2.02 31.70
5 3.62 0.00169 3.81 31.75
6 5.78 4.09 0.00649 5.50° 3.81 31.48
7 7.24 5.12 0.00747 7.83 5.50 31.55
8 6.09 3.62 0.036 6.23 3.81 31.53
9 3.07 0.0777 2.79 30.95
10 1.87 3.73 0.000623 1.37 3.64 30.20
11 3.66 1.30 0.00157 3.64 1.37 30.12
12 1.30 3.08 0.000609 1.37 2.79 30.18
13 0.830 1.97 0.00623 0.907 2.23 30.34

aComparisorvaluesobtainedirom Wilkat etal. (2002)andDownsetal. (2006)from Fouriertransforms
bIndex numbers6,7,8,10,11,12,13vere comparedto other datasetsfrom the sameobject as thesedata setshave not beenpreviously

analyzed.

did not know. Thus,we determinedhe correctcorversions
for the Morlet waveletcaseas:

= Z(Lmax‘ (',given+1)it

1)
with ¢max the maximum period value printed out, ¢given the
scaledperiod value and #t the time step usedas explained
below. ¢ is thecorrectperiodasgraphed We alsoidenti ed a
bug in the wavelettoolkit, andwith the IDL supportcenters
help, correctedthe pointerin the lower left cornerso thatit
correctly displayedthe time, period and power valuesfor a
speci ¢ cursorlocation.

3. RESULTS
3.1. WaveletAnalysisResults

By usingthe maximumpower from the wave outputpro-
gram,thetwo strongesperiodsfor eachdatasetin eachpro-
gramwasdetermined.First all of the dominantperiodsob-
tainedfor a speci ¢ datasetwere analyzed.Both programs
rely on a value of #, or the changein time betweensteps,
to graphthe wavelet. Sincethe programknows the number
of datapointsinputit averagesa valuefor # thenusesthese
valuesinsteadof the input time values. However, the two
programsusea differentvalue of # which meangthatwhen
the periodsare comparedbetweenthe two programs slight
discrepanciesesulted. In mostcasesthe dataobtained ts
within themagin of errorexpecteddueto thedifferentvalues
of #. All four periodvalueswerecomparedor eachspeci c
dataset. Theseusuallyalignedfairly well. For example, if
one programshaved only one dominantperiod, so did the
otherprogram.Thewaveletsgeneratedeparateljpy the two
programslooked extremely similar. We then expandedthis
comparisorto all of the datasetsof the sameobject. This
stepallowed for the identi cation of ary frequently deter
minedperiods.If a periodoccurredfrequentlyover the span
of days,monthsor years,this indicatesa signi cant period.
Ultimately, theseperiodsmay be relatedto processesccur
ring within the jets. Oneof the nal stepsfor dataanalysis
involved comparingthe maximumperiodsobtainedfrom all
of the datasetscombined. In orderto do this Table 3 was
constructec&andthensearchedor similar trends.

3.2. ObjectComparison

Whenall of the datasetswere comparedthereappeared
to be sometrendsbetweenobjects. In four out of the eight

datasetsfor 0716+714therewasa period of approximately
5.5 hours. A periodwasfoundin ON231at slightly over 3
hours. Also, in BL Lac, threeof the datasetscontaineda
periodaroundl.5hours.

We have includedonly wavelettoolkit imagesn this paper
sincethey aremuchmoreeasilyinterpretedhanthe 2-d plots.
Theplotsareinterpretedasdescribedabove.

3.3.0716+714

The majority of the datasetsfrom 0716+714werelonger
than9 hourswith the single exceptionof index numberone
whichwasonly 5 hoursin duration. This meanghatary pe-
riod found that was 9 hoursor greaterwould simply corre-
spondto thelineartrendin the dataset. Sinceall of the data
setshadthelineartrendremaoved, this shouldnot bein issue
andinsteadary strongperiodsshouldresultfrom the actual
microvariations.

Themostfrequentlyoccurringperiodwasarounds.5hours.
A periodwithin § .5 hourof thisfrequentperiodwasobsenred
in six out of the eight datasetsfor 0716+714.This wasev-
identin mary of the wavelettransformsandfor illustration,
pleasesxaminethe Figure4.

oo
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FIG. 4.b DataSet53075,index number4, (axesarethe sameasin Figure
2)
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TABLE 4
RELATIVISTIC PERIODICITY DATA FOR OBJECTS 0716+714, ON231, BL LAC

index # | 1% periodobs(hrs) 2"d periodobs(hrs) ‘ 1% periodsource(hrs) 2" periodsource(hrs)

1 1.29 3.65 9.49 26.84
5.78 42.53

3 5.78 42.53

4 4.86 2.05 35.77 15.08

5 3.62 26.62

6 5.78 4.09 42.51 30.08

7 7.24 5.12 53.24 37.65

8 6.09 3.62 44.78 26.62

9 3.07 4.18

10 1.87 3.73 6.65 13.26

11 3.66 1.30 13.02 4.62

12 1.30 3.08 4.62 10.95

13 0.830 1.97 2.95 7.01

Onthisimagethepink sheetvasthe99%signi cancelevel.
As obsered,therewasa large portionof the curve above this
level which would imply that therewas more to the signal
thannoise. Although edgeeffectsareimportantin interpret-
ing time seriesanalysiswith shorttime seriesduration,the
removal of lineartrendaddssigni canceto this periodsince
it remoseswhatever strongDC componenthat might affect
long periods.Also dueto the natureof wavelets,the wavelet
diagramillustratesthe importanceof edgeeffects by noting
the shapeof the power distribution asa function of thetime
coordinate A clearrepresentationf theseeffectscanbeseen
in Figure 3 wherethe sine curve propagtesthroughoutthe
data,but the power peaksn the centerwherethe edgeeffects
areminimized.

Another signi cant period occurredaround3.5 hours. In
four out of the eight datasets this periodwashigh above the
signi cance level. Sincethis period was drasticallyshorter
thanthelengthof all of thedatasetsusedfor thisobject,it was
likely to be avery signi cant period. A nal commonperiod
occurredaround? hoursin mostof thelongerdatasets.This
periodwasin four out of the eightdatasets.To determinethe
signi cance of this periodmorefully, longerdatasetswould
berequired.

3.4. ON231

This datasetwas about8 hourslong and a strongperiod
of approximately3 hourswasfound. Unlike all of the other

wavelets,this datasetstill containedhelineartrendbecause

it did not effect the wavelet power spectrum. As evidentin
the original light curve which wasprojectedagainstthe back
of the gure 5, therewerestrongoscillationsin thedata.The
scalewasin Juliandateinsteadf hoursontheplotsvisual put
for analysiswasconvertedto hoursin orderto comparewith
theotherdatasets.The pink sheesshavn wasthesigni cance
at99.9%which maintainsall of thedetailto the wavelet.

3.5. BL Lac

Four datasetsof this objectwereanalyzed.In eachof the
datasetstherewas a period around1.5 hours. This period
wasdominantin both wavelet programsandwas signi cant
abore the 99% level. Sincethe shortestdatasetfor BL Lac
is 3.5 hours,this meanghatthe frequentlyappearingperiod
wasnot effectedby thelengthof the dataset. A waveletfor
BL Lacis shavnin Figure6.

Thisimageshavs a 95%signi cancesheetout if thiswere
to beincreasedo 99%the peaksstill would remainabore the
signi cancelevel.

FIG. 5. ON231,index number9, (axesarethe sameasin Figure2)

FIG. 6.D DataSet7-10-05,index number10, (axes arethe sameasin
Figure2)

4. INTERPRERTION

Sinceblazarsaredistantobjectsand synchrotrorradiation
is emittedby plasmamovementat a signi cant portionof the
speedof light, relatiistic effectsmustbe calculated.Values
for the dopplerbeamingfactorswereobtainedfrom previous
studiesandwerereferencedn Tablel. The equationusedto
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TABLES
RELATIVISTIC PERIODICITY DATA FOR OBJECTS 0716+714, ON231, BL LAC

index # | 1% periodsource(sec) °2 luminosityamplitude powerincreas® velocity (m/s) length(m)
1 34151 7.18 0.069 1172 2.97E+08  1.01E+13
153125 7.18 0.134 1.361 2.97E+08  4.55E+13

3 153125 7.18 0.049 1.119 2.97E+08  4.55E+13
4 128769 7.18 0.029 1.069 2.97E+08  3.83E+13
5 95835 7.18 0.024 1.057 2.97E+08  2.85E+13
6 153019 7.18 0.074 1.186 2.97E+08  4.55E+13
7 191671 7.18 0.035 1.084 2.97E+08  5.69E+13
8 161199 7.18 0.059 1.146 2.97E+08  4.79E+13
9 12593 4.6 0.159 1.442 2.93E+08  3.69E+12
10 23939 5.3 0.103 1.268 2.95E+08  7.05E+12
11 46855 5.3 0.076 1.191 2.95E+08  1.38E+13
12 16642 5.3 0.021 1.050 2.95E+08  4.90E+12
13 10625 5.3 0.024 1.057 2.95E+08  3.13E+12

80716+714rom Downsetal. (2006),0N231andBL Lacfrom Jiangetal. (1997)

blmpliesdensityratio, 0:01
nd thedopplerbeamingfactorwas
1

=0 com) @
where v
= p 3
and
o _ 1
= pF 4)

In orderto cornvertfrom the obseredperiodto therelativistic
period,thefollowing equationwasused

¢ éobs
¢ = + 5
¢ 1+z ( )

Wherep wastheangleobsenedto theobject,v wasthespeed
of thesynchrotrorradiation,c wasthespeedf light, ¢ ¢ was
the relativistic period, ¢ ¢ops Wasthe obsered periodand z
wastheredshiftfrom table 1. Usingtheseequationstherest
frame periodsin Table 4 were determined. The relativistic
periodswerelongerthanthe obsered periodsdueto therel-
ativistic corrections.

Relatistic jets arecomposef plasmaandthereforecan
be analyzedusing plasmaprocesses Collective emissionis
a processhat canoccurwhenan electronbeampropagtes
throughplasma.As discussedn Benford (1991),collective
emissioris importantwhentheratio of densities pean plasma
exceedd.01. Oncethis limit is reachedthe collective emis-
sion signi cantly overpaversthe synchrotronemissionof a
singleparticle.

Benford interpretedthe rapid variationsin 0917+624as
“ux enhancementstiue to this process. As the electron
beamencounters low densityregion in theambientplasma,
collective processe$orm “cavitons” which thenradiatecol-
lectively. Synchrotrorradiationcontrolsthe enegy outputat
lowerdensityratiosandshouldcorrespondo theminimumof
thedataset. The cavitonsareclumpsof particleswhichmove
in unisonandoscillateasaunit. As thecavitonsenterahigher
densityregionthecollective processebecomdessimportant.
We canusethe microvariationsto estimatethe length of the
rare ed region by equatiord and

d = Vésource (6)

whered is the length of the region andv is the velocity as
determinedfrom ~. Table5 shaws the resultof this calcu-
lation when ° is known. Since collective processegould

causebrightnessuctuations,themaxluminosityof adataset
would correspondo the maximumpower dueto collective

emission.Theluminosityamplitudewasfoundby calculating
the differencebetweena local maximaand minimain units
of Log(emgs/sec). After taking the inverselogarithm of this

value,the power increasebetweersynchrotrorradiationand
collective emissioncanbe calculated.If this valueis greater
thanl, it impliesthatthedensityratiois, 0:01.

As shown in the table, the velocity is very nearthe speed
of light which veri es the signi cance of the assumedela-
tivistic effects. Using this velocity, the approximatelength
of thelow densityregion canbe calculatedusingequationg.
In 0716+714the rangeof lengthfor this low densityregion
wasbetweenl:01£ 10™ metersand5:69£ 10 m. For ON
231thelengthwascalculatedo be 3:69£ 10*? m. Therange
was more varied for BL Lac with the shortestiength being
3:13£ 10* m andthelongest1:38£ 103 m.

5. CONCLUSIONS

After applying wavelet analysison 13 datasetsobtained
from three different blazars,we found some possibleperi-
odicities. Theseperiodicitiescould be attributedto plasma
processesghat occurredwithin the relatiistic jets. Onepos-
sibleinterpretatiorof the microvariationsobsenedcanbe at-
tributedto collective plasmaemission. This assumes low
densityregion within thejet thatthe beamoccasionallyprop-
agatesthroughand causeghe obsenred microvariations. In
our calculationsjt appearghatthis low densityis about200
AU or aboutthe sizeof our solarsystem.
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