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Abstract

Geometricshapefeaturesextractedfrom sodardatahave
beenusedto classify different atmosphericpatterns. But
suchfeaturesarescaledependent.In this paper, anattempt
is madeto classifysodardatausingfractalfeatures.Results
show that scaleinvarianceof fractal featuresmake them
quiteusefulfor classificationof sodarpatterns.

1. Intr oduction
Sodar(soundradar)is aremotesensinginstrumentfor con-
tinuousmonitoringof the lower atmosphere[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 qualitymeasurement[19].

Chaudhuriet al. [7, 6] developedsomebasicconcepts
for automaticclassificationof sodar-pattern.They observed
that decisionregardingthe shapeof the ABL patternsbe-
ing representedin thesodar-imagesis to beconsideredpri-
marily with theboundarybetweenthesodar-patternandthe
backgroundin the sodar-image. Tripathi et al. [22] pre-
sentedcomputeralgorithm for plume structuresanalysis.
De et al. [8] have identifieddot-echostructuresandstud-
ied their nature.

Different soft computing approacheshave been sug-
gestedfor automaticrecognition and analysisof sodar-
patterns.Perceptron,a variantof artificial neuralnetwork
(ANN), hasbeenemployed for classification[14] of ele-
mentarysodarpatterns.Similar resultshave beenobtained
[18] usingknowledgebasednetwork approachaswell. In
bothcasesgeometricshapefeatureslikenumberof maxima
andminima,gradientmagnitudein apredefinedtimeframe,
alongwith diurnalandseasonalinformation,havebeenem-
ployedfor classificationof thepatterns.Thesefeaturesare
basedon sodardataaccumulatedfor half-hour. But with
theadventof schemesof ABL extractionbasedon Kalman
filter techniquesthedemandfor classificationbasedon dy-
namicfeatureshasbeengenerated.

Theseasonalaswell asdiurnalvariability of sodardata

andthepatternsthereinposesaseriousproblemin identify-
ing appropriatefeaturesfor patternclassification.Different
optionsof classifierdesigncanbeexploredfollowing [13].
Exemplarclassifierdesignbecomesinfeasibledueto prob-
lemsof choosingrepresentativeexamplesandkeepingtheir
numbersmall. Simpleperceptron-likeclassifierdesignhas
alsoearnedlimited successbecauseof thewide variability
of chosenfeaturevalues. Kernelclassifiers,which subdi-
vide the featurespaceinto regions characterizedby their
meanandstandarddeviation, canbeattemptedin suchsit-
uations.But thefeaturevaluesarevery muchscaledepen-
dent, i.e. dependson the time frame consideredfor their
measurement.In rule basedclassifierdesign,dynamicfea-
tures like instantaneousmagnitudeand rate of changeof
ABL heightscan be used. But in that case,due to wind
shearand localizedconvective flows, micro-level changes
dominateanddisturbtheclassifieralgorithm.

In this context, it is worthwhile to considerfractal fea-
tures,in particularfractaldimension(FD) of thedata,which
is scale-invariantandalsoableto reflectthechangesat mi-
cro level. Fractalfeaturesareeasilyupdatedandalsohave
physicalsignificance.FD indicatestheextentof spacefill-
ing by thedata.In presenceof wind, theinversionstructure
reportsslightly higherFD, but evidently this doesnot quite
overlapwith the FD rangeof the plume structuresdomi-
natedby convectiveflow. ThustheFD valuecanbeindica-
tive of the kind of patternaswell asthe prevailing meteo-
rological conditions. The sodardatarecaston the domain
of FD caneffectively classifythedataby employing prede-
fined (throughpropertraining or expertise)receptorfields
for inclusionin differentclasses.

Thepresentwork exploresthepossibilitiesof usingfrac-
tal featuresfor interpretingsodarsignals. The conceptof
fractaldimensionis introducedin Section2. Therelevance
of fractalfeaturesin caseof sodardatais elaboratedin Sec-
tion 3. Thealgorithmusedfor computingfractaldimension
of sodardatain thepresentschemeis explainedin Section4.
Section5 providestheresults.



2. Fractal Features
Formal definition of fractal dimension is presentedby
Barnsley [1] in termsof thenumberof � dimensionalballs
of infinitesimallysmall sizerequiredto cover a setdefined
in ��� . This definitionwaslaterextendedto thebox count-
ing dimension.

Let ���
	���
 be thenumberof cubesof size � requiredto
cover a surface � . Now if � � 	���
�� ���� then � is the di-

mensionof � as � tendsto � . Then, �������������� "! #%$'&)(%*�+-,! #.$/* �10 � , .
For a set � definedin ��� , cuboidsof size � areconsidered.
Fromthisdefinition,asquarehasdimension2 , cubehasdi-
mension3 etc. But fractionaldimensionvaluealsocomes
into fray wheneveracurvedline or curvedsurfaceis consid-
ered.Thoughtheconceptwasoriginally definedin termsof
spheroidsor ballsbut boxcountingis simplerto implement
numericallyinsteadof balls.

The conceptof FD originatedasa scaleinvariantmet-
ric to distinguishbetweendifferentdynamicalsystems.In
caseof theCantorset,theelementsin then-th iterationare
evolved by depletingthe middle-one-thirdof all the sub-
intervalsin the �5476 -th iteration.Thereductionof thescale
successively by �8 -rd resultsin the increaseof numberof
boxes(one-dimensional)by powersof 2 , i.e. for a scale
of 	 �8 
9� the numberof boxes is 2:� . This yields a FD of! #.$<;! #.$ 8 . Similarly in caseof Sierspinskiitriangle, which is
obtainedby successively removing the middle triangle of
all remainingtriangles(obtainedby joining mid-pointsof
the larger triangles)consideringboxeswhosesize is suc-
cessively reducedby �; , every four new boxesinclude 3 tri-
angles. Therebythe box count increasesby powersof 3 .
Hencefor boxsizeof �;%= , numberof boxesis 3>� , thusresult-
ing in FD of ! #.$ 8! #.$<; . Theseresults,derivedfor perfectfractal
objects,revealthatdynamicalsystemsareindeedcharacter-
izedby theirFD independentof scale.

However FD computedfrom experimentaldataof un-
known dynamicalsystemis not constantasin caseof per-
fect fractals.This is mainly dueto presenceof noisein the
system.Also, theactualsystemsareoftennotexactlyasself
repetitiveasproposedin themodel.However therelevance
of self repetitivenessin findinga scale-invariantmetric like
FD is evident from measurementsin caseof differentsys-
tems.

Actually in caseof asodar-basedexperimentsomeof the
finer detailsof dynamicsof ABL evolution in lower atmo-
spherearemissedout. A scaleinvariantmetric like theFD
canaccountfor thedynamicsin abetterway.

3. Fractalnessof Sodardata
In order to appreciatethe characteristicsof sodardata, it
is worthwhileto providesomephysicalinsight into thedy-
namicsof ABL which this datacaptures.During daytime,

theboundarylayer is unstabledueto convection. Theele-
vatedinversionheightriseswith solarheatingof earthsur-
face.theheightis maximumaroundmidday, whenthesolar
heatflux maximizesandthengraduallydecaysin theafter-
noon.Theheightof theconvectivelayercanbeexpressedin
closedform equation[19] which involves ?�@ , specificheat
of air at constantpressure;A , theheatflux; B , theair den-
sity; C , the temperaturenearearthin absolutescale. The
height D is characterizedby convective velocity scale EGF ,
whichhasa typical valueof 2 m/s.
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The convective element in the unstableboundary layer
mainly consistsof thermalplumesof up-draftssurrounded
by largedown-drafts.Typical heightsriseupto1 km. The
day time boundarylayer is consideredas unstablestrati-
fied [11] dueto predominanceof thermalconvection.

The stableboundarylayer evolves in 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 stablestrati-
fied [16, 17]. It containsshearsaboveof theinversionlayer
dueto occasionalsharpincreasein temperaturelayer [21].
Thereis alsoshearinstabilityalongwith somedevelopment
of a super-geostrophicjet at lower levels[4, 23]. Weaktur-
bulencedueto thelocalshearstressduringnightsis charac-
terizedby thefrictional velocity PQF defined[19] asP ; F �SRB �T4UPWV�EGV (2)

where R is the surfacestress,B is the air densityand P V ,E V arefluctuationsin verticalandhorizontalwind velocity
respectively. Local stressbecomeszero at the top of the
boundarylayer. P F is typically �'X�6 – �<X 3 m/s. The over-
all height is limited to few tensor 100 m. However due
to developmentof gravity waves,local instabilitiesaswell
ascirculationof land andseabreezesmake the estimation
of stableABL height difficult. Gravity waves with regu-
lar periodsaresometimesdriven by wind shearsat higher
levels[10, 9].

In caseof sodar, the soundwave sentupwardsevery 6
s. is backscatteredfrom all heightsof lower atmosphere
(rangingupto1 km). Thestrengthof backscatterat there-
ceiver is strongestfrom heightsuptowhich thetemperature
inhomogenietyextendson accountof convectionandwind
shear. Sodarreceiver thereforecapturestheABL informa-
tion from all heightsevery6 s. This informationis therefore
in the form of an imagewith pixels in eachcolumnrepre-
sentingintensityof backscatterfrom differentheightsat a
particulartime instant.Fromthis informationit is possible
to extracttheABL heightsasa functionof time employing
somethresholdingon theintensityvalues.



Sodardatathereforeresemblesthe ABL pattern. The
ABL formationprocessis indeeda dynamicalsystemwith
self-repetitive characteristics. Sodardata is thus a stan-
dardcandidatefor exploring fractal features.In thepresent
case,the ABL height is consideredas the data. It is un-
derstoodthatthenocturnalboundarylayerhaving typically
no-structurepatternswould exhibit a low valueof FD.The
daytimeflat inversion layer should result in mediumFD
andFD of plumestructureshouldbehigh. Otherinversion
structureslike bulge,depressionhaveFD in between.Thus
by computingandmonitoringFD of thedata,it is possible
to monitor thetransitionsof sodardatafrom onepatternto
another.

Chandaetal. [5] haveworkedon characterizingthetur-
bulencefrom temperaturefield insideplumestructures.Ar-
guing that the pixel intensityof sodardatais proportional
to temperaturefield, they have computedthe FD of single
columnof data. Suchan approachis evidently successful
in characterizingturbulenceataninstantof time. However,
this approachis spatialanddoesnot considerany temporal
informationaboutthedata.FD computedfor eachcolumn
may be plottedagainsttime to get an ideaabouttemporal
variationof turbulence.But sodardataalsocontainsinfor-
mationregardingwind shear. Wind sheardominatesduring
timesof inversionandis alsoresponsiblefor thevariations
in ABL top during nights. Plumestructuresalsoundergo
distortionsdueto wind shear. Theapproachundertakenby
Chandaet al. doesnot take into accounttheeffectsof wind
shear. Thiscanbedoneonly by adoptinga spatio-temporal
approachof findingFD.

4. ProposedAlgorithm

Sinceinformationliesmostlyat thetopof ABL, it is worth-
while to computethe FD valueof ABL top insteadof the3>Y image. It is also time-wisecomplex to handleimage
data. However while countingthe numberof boxes, the
countis in termsof thecolumnheightandnot just thepoint
itself, i.e. space-fillingof theareaundertheABL topheight.
The reportedFD valueswould thereforerangebetween6
and 2 .

Temporalvariationof ABL top heightcontainsinforma-
tion regardingwind shearaswell asfluctuationsdueto ther-
mal convection. It can thereforebe arguedthat FD com-
putedovera certaintime of ABL datacaneffectively char-
acterizesodardataby accountingfor both wind andcon-
vection. Regions of tranquility are characterizedby low
FD, theoneswith only wind shearhave mediumvaluesof
FD andregionswith highconvectionhavecharacteristically
high FD values.It is thereforeworthwhileto adoptthis ap-
proachfor patternclassification.

The argumentfor beingableto approximatethe FD of
the sodarimageby computingthe FD basedon the ABL

top height dataonly is presentedhere. For detectingthe
ABL boundary, the imageis replacedby the two-tonebi-
naryimagewith theregionof activeABL beingrepresented
by the highestpossibleintensityvalueof 2[Z>Z . Hencecon-
sideringcubes(insteadof squares)of size \ , the number
of boxes required to cover the sodar image is given by�^]%_ 8 �`��]%_ ;ba 	 ;.c%de 
 . Hencethenew dimensionof theover-

all sodarimagebecomes� V � ! #.$'&bf9g h! #.$ ] � ! #%$'&ifjg k! #%$ ]ml ! #%$/* k�n�op ,! #.$ ] .

Now since ! #.$'&ifjg k! #.$ ] �q� , andsince r��ts e by definition,for?q�u2>Z>v , theaboveequationreducesto � V ��6 l � . Hence
it is possibleto considerthe ABL top heightsfor classi-
fication of sodarpatternsinsteadof the entire image,thus
saving bothtimeandspacefor extractingfractalfeatures.\ columns of sodar data return ABL top heights D �
through D e . It is assumedthat the intensity is uniformly
distributed. Hence Dw�yx{z-|b	�D �:}�~�~�~�} D e 
 representsthe
heightupto which the sodardataextends. Dividing D by
the size of box \ gives the numberof boxes � neededto
cover the datarepresentedin these \ columns. The num-
ber of columnsconsideredis ? where ? is a multiple of\ . Thentherewould be r���s e suchbox countsto be ac-
cumulated. The total numberof boxesof size \ counted
over ? columnsof sodardatais givenby ��	�r:
���� ]�� ��%�  � �
where � � ���:�����%��*��/��,e �W� , �����L\ }�~�~�~ 	�� l 6�
1\ . Number

of boxesarecountedfor \���? } s ; } s � successively, givingr`��s e � 6 } 2 }%¡<}�~�~�~ etc. When ?¢�£2>Z:v and \¤�£2 ;r¥�S6�2:¦ , �7�§� }�~�~�~�} 6�2[¨ , �"�©� } 6[ª.2 } 3'ª ¡<} Z«ª ~�~�~ ª.2[Z ¡<} 2>Z[Z .
Now fractaldimensiondueto box countingis givenby the
limiting valueof ! #.$'&G* ] ,! #.$ ] as �] tendsto zero.In presentcase,r¬�­6/2>¦ is consideredthe limiting valueof r i due to the
practicallimitationsof working with imagedata.

5. Results

Figure1: Portionof continuoussodardatacapturedon 11-
01-87.

This techniqueis suitable for continuousmonitoring.
Hencethe strengthof the techniqueis broughtout using
thedatafor awholeday. Figure1 showstypicalcontinuous
sodardatafor which the classifieris tested. Figure2 evi-
dentlyshows that theFD variationsaresmoothwhenfrac-
tal dimensionis computedin awindow of size 2>Z>v . But the
monitoringcoversmoredetailsandshows morevariations



Figure2: Variationof fractaldimensionwith timewhensize
of window is 256.

Figure3: Variationof fractaldimensionwith timewhensize
of window is 64.

whenthewindow sizeis chosento be v ¡ , asis evidentfrom
Figure3.

In orderto demonstratetheperformanceof theclassifier,
the possibility of plume and inversionare shown graphi-
cally.

Thevariationof possibilityof thetwo patternsshown in
Figure4 and5 clearly indicatethat the schemeis able to
classify the patterns.Properchoiceof parameterscanen-
suresmoothclassificationin bothcases.Thechosenrange
of FD valuesare reportedin Table 1. The basisof such
choiceof parametersis rigorousexperimentationwith the
data. Similar continuousmonitoring in caseof the ANN
basedclassifierwould meanuseof moving window tech-
nique of minimum overlap. That is obviously more time

Figure4: Variationof possibilitiesof inversionandplume
with timewhensizeis 256.

Figure5: Variationof possibilitiesof inversionandplume
with timewhensizeis 64.

consumingand performs repetitive computationsdue to
scaledependenceof therelevantfeatures.

6. Conclusion

Thepresentwork hassuccessfullyclassifiedthesodardata
usingfractal features.Oneextensionof thework is to con-
sidermulti-fractals. Anothersignificantwork is to include
thespatialapproachreportedin [5]. Theirapproachremains
significantfor turbulencestudieson lower atmosphere.A
combinationof the two approachesmay thereforebecome
significantfor estimatingparametersof pollutantdispersion
modelby accountingfor effectsof wind shearandthermal
convectionseparately.



Table1: FD rangesfor differentsodarpatterns

Pattern L (64) U (64) L (256) U (256)
NS 1.20 1.45 1.25 1.50
FI 1.35 1.55 1.40 1.60
OI 1.50 1.70 1.55 1.75
PS 1.65 1.85 1.70 1.90
NS= No Structure,FI = Flat Inversion,OI = OtherInversion,PS= PlumeStructure

U = Upperrange,L = Lower range
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