Classificationof Sodar Data Using Fractal Features
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Abstract

Geometricshapefeaturesextractedfrom sodardatahave
beenusedto classify different atmospherigatterns. But
suchfeaturesarescaledependentln this paperanattempt
is madeto classifysodardatausingfractalfeatures Results
shawv that scaleinvarianceof fractal featuresmalke them
quiteusefulfor classificatiorof sodarpatterns.

1. Intr oduction

Sodar(soundradar)is aremotesensingnstrumentor con-
tinuousmonitoring of the lower atmospher¢12, 3, 15| by

generatinginformation about the AtmosphericBoundary
Layer (ABL). This instrumentfinds applicationsin the ar

easof fog monitoring,air pollution monitoring[2, 20] and
air quality measuremerjtL9].

Chaudhuriet al. [7, 6] developedsomebasicconcepts
for automatiaclassificatiorof sodarpattern.They obsened
that decisionregardingthe shapeof the ABL patternsbe-
ing representeth the sodarimagess to be consideregri-
marily with theboundarybetweerthesodarpatternandthe
backgroundin the sodarimage. Tripathi et al. [22] pre-
sentedcomputeralgorithm for plume structuresanalysis.
De et al. [8] have identified dot-echostructuresand stud-
iedtheir nature.

Different soft computing approacheshave been sug-
gestedfor automaticrecognition and analysisof sodar
patterns. Perceptrona variantof artificial neuralnetwork
(ANN), hasbeenemployed for classification[14] of ele-
mentarysodarpatterns.Similar resultshave beenobtained
[18] usingknowledgebasednetwork approachaswell. In
bothcasegieometricshapdeaturedik e numberof maxima
andminima,gradientmagnituden apredefinedimeframe,
alongwith diurnalandseasonahformation,have beenem-
ployedfor classificationof the patterns.Thesefeaturesare
basedon sodardataaccumulatedor half-hour But with
theadwentof scheme®f ABL extractionbasedon Kalman
filter techniquesthelemandfor classificationbasedon dy-
namicfeatureshasbeengenerated.

The seasonahswell asdiurnalvariability of sodardata

andthe patternghereinposesaseriougproblemin identify-
ing appropriatdeaturedor patternclassification Different
optionsof classifierdesigncanbe exploredfollowing [13].
Exemplarclassifierdesignbecomesnfeasibledueto prob-
lemsof choosingrepresentatie examplesandkeepingtheir
numbersmall. Simple perceptron-like classifierdesignhas
alsoearnedimited succesdecausef the wide variability
of chosenfeaturevalues. Kernel classifierswhich subdi-
vide the featurespaceinto regions characterizedy their
meanandstandarddeviation, canbe attemptedn suchsit-
uations.But the featurevaluesarevery muchscaledepen-
dent,i.e. dependson the time frame consideredor their
measurementn rule basedclassifierdesign,dynamicfea-
tureslike instantaneousnagnitudeand rate of changeof
ABL heightscanbe used. But in that case,due to wind
shearandlocalized corvective flows, micro-level changes
dominateanddisturbtheclassifieralgorithm.

In this context, it is worthwhile to considerfractal fea-
tures,in particularfractaldimension(FD) of thedata,which
is scale-ivariantandalsoableto reflectthe changesat mi-
cro level. Fractalfeaturesareeasilyupdatedandalsohave
physicalsignificance.FD indicatesthe extent of spacfill-
ing by thedata.In presencef wind, theinversionstructure
reportsslightly higherFD, but evidently this doesnot quite
overlapwith the FD rangeof the plume structuresdomi-
natedby corvective flow. Thusthe FD valuecanbeindica-
tive of thekind of patternaswell asthe prevailing meteo-
rological conditions. The sodardatarecaston the domain
of FD caneffectively classifythe databy employing prede-
fined (throughpropertraining or expertise)receptorfields
for inclusionin differentclasses.

Thepresentvork exploresthepossibilitiesof usingfrac-
tal featuresfor interpretingsodarsignals. The conceptof
fractaldimensionis introducedin Section2. Therelevance
of fractalfeaturesn caseof sodardatais elaboratedn Sec-
tion 3. Thealgorithmusedfor computingfractaldimension
of sodadatain thepresenschemas explainedin Sectiord.
Section5 providestheresults.



2. Fractal Features

Formal definition of fractal dimensionis presentedby
Barnsley [1] in termsof the numberof n dimensionaballs
of infinitesimally small sizerequiredto cover a setdefined
in R™. This definitionwaslater extendedto the box count-
ing dimension.

Let N.(S) bethe numberof cubesof sizee requiredto
cover asurfaceS. Now if N.(S) = %4 thend is the di-

mensionof S ase tendsto 0. Then,d = lim._,q lffg](\ge/(j).

For asetS definedin R™, cuboidsof sizee areconsidered.

Fromthis definition,asquarenasdimensior2, cubehasdi-
mension3 etc. But fractionaldimensionvalue alsocomes
into fray wheneveracurvedline or curvedsurfaceis consid-
ered.Thoughthe conceptwasoriginally definedin termsof
spheroid®r ballsbut box countingis simplerto implement
numericallyinsteadof balls.

The conceptof FD originatedas a scaleinvariantmet-
ric to distinguishbetweendifferentdynamicalsystems.In
caseof the Cantorset,the elementsn the n-thiterationare
evolved by depletingthe middle-one-thirdof all the sub-
intervalsin then — 1-th iteration. Thereductionof thescale
successiely by %-rd resultsin the increaseof numberof
boxes (one-dimensionalpy powersof 2 , i.e. for a scale
of (3)™ the numberof boxesis 2. This yields a FD of

}%g—g. Similarly in caseof Sierspinskiitriangle, which is
obtainedby successiely remaoving the middle triangle of
all remainingtriangles(obtainedby joining mid-points of
the larger triangles)consideringboxes whosesize is suc-
cessvely reducedoy % every four new boxesinclude3 tri-
angles. Therebythe box countincreasesy powersof 3.
Hencefor box sizeof 2% numberof boxesis 3", thusresult-
ing in FD of }%g—g Theseresults,derivedfor perfectfractal
0bjects,revealﬁﬂatdynamicalsystemsareindeedcharacte{
izedby their FD independenof scale.

However FD computedfrom experimentaldataof un-
known dynamicalsystemis not constantasin caseof per
fectfractals. This is mainly dueto presencef noisein the
system Also, theactualsystemsareoftennotexactly asself
repetitve asproposedn the model. However therelevance
of selfrepetitvenessn finding a scale-ivariantmetriclike
FD is evidentfrom measurements caseof differentsys-
tems.

Actually in caseof asodarbasedexperimentsomeof the
finer detailsof dynamicsof ABL evolutionin lower atmo-
spherearemissedout. A scaleinvariantmetriclike the FD
canaccountor thedynamicsin abetterway.

3. Fractalnessof Sodardata

In orderto appreciatehe characteristicof sodardata, it
is worthwhile to provide somephysicalinsightinto the dy-
namicsof ABL which this datacaptures.During daytime,

the boundarylayeris unstabledueto convection. The ele-
vatedinversionheightriseswith solarheatingof earthsur
face.the heightis maximumaroundmidday whenthesolar
heatflux maximizesandthengraduallydecaysn the after
noon.Theheightof thecorvectivelayercanbeexpressedn
closedform equation[19] whichinvolvesC,, specificheat
of air at constanfpressureH, the heatflux; p, the air den-
sity; T', the temperaturenearearthin absolutescale. The
height & is characterizedy corvective velocity scalew.,
which hasatypical valueof 2 m/s.

(1/3)
w, = (91 1)
pCpT

The corvective elementin the unstableboundary layer
mainly consistsof thermalplumesof up-draftssurrounded
by large down-drafts. Typical heightsrise upto 1 km. The
day time boundarylayer is consideredas unstablestrati-
fied[11] dueto predominancef thermalcorvection.

The stableboundarylayer evolvesin eveningwith the
beginning of the radiationalcooling of earthsurface. The
night time boundary layer is formed much lower than
the day time boundarylayer and is mostly stable strati-
fied[16, 17]. It containsshearsabove of theinversionlayer
dueto occasionakharpincreasen temperaturdayer[21].
Thereis alsosheaiinstability alongwith somedevelopment
of asupergeostrophiget atlower levels[4, 23]. Weaktur-
bulencedueto thelocal shearstressduringnightsis charac-
terizedby thefrictional velocity u, defined[19] as

T 1o
ul

=—-=—uw (2)

p
where T is the surfacestress,p is the air densityand v/,
w' arefluctuationsin verticalandhorizontalwind velocity
respectiely. Local stressbecomeszero at the top of the
boundarylayer wu, is typically 0.1 — 0.3 m/s. The over
all heightis limited to few tensor 100 m. However due
to developmentof gravity waves,local instabilitiesaswell
ascirculationof land andseabreezesnake the estimation
of stableABL heightdifficult. Gravity waves with regu-
lar periodsare sometimesdriven by wind shearsat higher
levels[10, 9].

In caseof sodar the soundwave sentupwardsevery 6
s. is backscatteredrom all heightsof lower atmosphere
(rangingupto 1 km). The strengthof backscatteat there-
ceieris strongesftrom heightsuptowhich thetemperature
inhomogenietyextendson accountof corvectionandwind
shear Sodarrecever thereforecaptureshe ABL informa-
tion from all heightsevery 6 s. Thisinformationis therefore
in the form of animagewith pixelsin eachcolumnrepre-
sentingintensity of backscattefrom differentheightsat a
particulartime instant. Fromthis informationit is possible
to extractthe ABL heightsasa function of time employing
somethresholdingonthe intensityvalues.



Sodardatathereforeresembleghe ABL pattern. The
ABL formationprocesss indeeda dynamicalsystemwith
self-repetitve characteristics. Sodardatais thus a stan-
dardcandidateor exploring fractalfeatures.In the present
case,the ABL heightis consideredasthe data. It is un-
derstoodhatthe nocturnalboundaryiayerhaving typically
no-structurepatternswould exhibit a low valueof FD.The
daytimeflat inversionlayer shouldresultin mediumFD
andFD of plumestructureshouldbe high. Otherinversion
structuredik e bulge, depressiotnave FD in between.Thus
by computingandmonitoring FD of thedata,it is possible
to monitorthe transitionsof sodardatafrom onepatternto
another

Chandeetal. [5] have workedon characterizinghetur-
bulencefrom temperaturdield insideplumestructuresAr-
guing that the pixel intensity of sodardatais proportional
to temperaturdield, they have computedthe FD of single
columnof data. Suchan approachs evidently successful
in characterizingurbulenceat aninstantof time. However,
this approachs spatialanddoesnot considerary temporal
informationaboutthe data. FD computedor eachcolumn
may be plotted againsttime to getanideaabouttemporal
variationof turbulence.But sodardataalsocontainsinfor-
mationregardingwind shear Wind sheardominatesiuring
timesof inversionandis alsoresponsibldor the variations
in ABL top during nights. Plumestructuresalso undego
distortionsdueto wind shear The approachundertalenby
Chandaetal. doesnottake into accounthe effectsof wind
shear This canbedoneonly by adoptinga spatio-temporal
approactlof finding FD.

4. ProposedAlgorithm

Sinceinformationlies mostlyatthetop of ABL, it is worth-
while to computethe FD value of ABL top insteadof the
3D image. It is alsotime-wisecomple to handleimage
data. However while countingthe numberof boxes, the
countis in termsof the columnheightandnotjustthe point
itself,i.e. space-fillingof theareaunderthe ABL topheight.
The reportedFD valueswould thereforerangebetweenl
and2.

Temporalvariationof ABL top heightcontainsnforma-
tion regardingwind shearaswell asfluctuationsdueto ther
mal corvection. It canthereforebe arguedthat FD com-
putedover a certaintime of ABL datacaneffectively char
acterizesodardataby accountingfor both wind and con-
vection. Regions of tranquility are characterizedy low
FD, the oneswith only wind shearhave mediumvaluesof
FD andregionswith high corvectionhave characteristically
high FD values.lt is thereforeworthwhile to adoptthis ap-
proachfor patternclassification.

The agumentfor being ableto approximatethe FD of
the sodarimageby computingthe FD basedon the ABL

top heightdataonly is presentechere. For detectingthe
ABL boundary the imageis replacedby the two-tonebi-
naryimagewith theregion of actve ABL beingrepresented
by the highestpossibleintensityvalue of 255. Hencecon-
sidering cubes(insteadof squares)f size s, the number
of boxes requiredto cover the sodarimageis given by
Ny3 = Np2X (%). Hencethenew dimensiorof theover-
logN,3 _ logN,o , log(25%)
logr = logr logr
Now since% = d, andsincer = < by definition, for
C = 256, theabove equatiorreducedo d’ = 1 + d. Hence
it is possibleto considerthe ABL top heightsfor classi-
fication of sodarpatternsinsteadof the entireimage,thus
saving bothtime andspacefor extractingfractalfeatures.
s columns of sodardatareturn ABL top heights h;
throughh,. It is assumedhat the intensity is uniformly
distributed. Henceh = max(hy,---, hs) representghe
heightupto which the sodardataextends. Dividing h by
the size of box s givesthe numberof boxes b neededto
cover the datarepresentedh theses columns. The num-
ber of columnsconsidereds C whereC' is a multiple of
s. Thentherewould ber = % suchbox countsto be ac-
cumulated. The total numberof boxesof size s counted
over C columnsof sodardatais givenby N (r) = E;;ébj

whereb; = K““”‘T(h))-‘z € js,---(j + 1)s. Number
¢ C

all sodaimagebecomesl’ =

of boxesarecountedfor s = C, 5, 7 successiely, giving
r=¢< =124, etc. WhenC = 256 ands = 2;
r=128,7=0,---,127,i = 0,1;2,3;4,5; - - -; 254, 255.
Now fractaldimensiondueto box countingis givenby the
limiting valueof &) 451 tendsto zero. In presentase,
r = 128 is consideredhe limiting valueof ri dueto the
practicallimitations of working with imagedata.

5. Results

Figurel: Portionof continuoussodardatacapturedon 11-
01-87.
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This techniqueis suitablefor continuousmonitoring.
Hencethe strengthof the techniqueis broughtout using
the datafor awholeday: Figurel showstypical continuous
sodardatafor which the classifieris tested. Figure 2 evi-
dently shows thatthe FD variationsare smoothwhenfrac-
tal dimensionis computedn awindow of size256. But the
monitoring coversmore detailsand shavs morevariations



Figure2: Variationof fractaldimensiorwith timewhensize

of window is 256.
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Figure3: Variationof fractaldimensiorwith timewhensize
of window is 64.

1.95

whenthewindow sizeis choserto be 64, asis evidentfrom
Figure3.

In orderto demonstratéhe performancef the classifier
the possibility of plume and inversionare shavn graphi-
cally.

Thevariationof possibility of the two patternsshavn in
Figure4 and5 clearly indicatethat the schemeis able to
classifythe patterns. Properchoiceof parameterganen-
suresmoothclassificationn both cases.The choserrange
of FD valuesarereportedin Table1. The basisof such
choiceof parameterss rigorousexperimentatiorwith the
data. Similar continuousmonitoringin caseof the ANN
basedclassifierwould meanuseof moving window tech-
nigue of minimum overlap. That is obviously more time

Figure4: Variationof possibilitiesof inversionandplume
with time whensizeis 256.
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Figure5: Variationof possibilitiesof inversionandplume
with time whensizeis 64.
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consumingand performsrepetitve computationsdue to
scaledependencef therelevantfeatures.

6. Conclusion

The presentvork hassuccessfullyclassifiedthe sodardata
usingfractalfeatures.Oneextensionof thework is to con-
sidermulti-fractals. Anothersignificantwork is to include
thespatialapproachreportedn [5]. Theirapproachhemains
significantfor turbulencestudieson lower atmosphere A
combinationof the two approachesnay thereforebecome
significantfor estimatingparametersf pollutantdispersion
modelby accountingfor effectsof wind shearandthermal
corvectionseparately



Tablel: FD rangedor differentsodarpatterns

Pattern| L (64) | U (64) | L (256) | U (256)
NS | 1.20 | 1.45 | 125 | 1.50
Fi 135 | 155 | 1.40 | 1.60
O | 150 | 1.70 | 155 | 1.75
PS | 1.65 | 1.85 | 1.70 | 1.90

NS = No StructureFl = FlatInversion,Ol = Otherlnversion,PS= PlumeStructure

U = Upperrange L = Lowerrange
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