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Abstract

In this paperwe proposevisualizationapproacdesinspired
by physicalmetricsfor measuringheattransportin ocean
data. We proposemetricsthat havephysicalsignificancan

the contet of PhysicalOceangraphy. We propose methods

to visualizethe heatindex (a metric we definethat looksat
heattransportat individual latitude-longitudepoints that
combingtempeature, depthandvelocity). Plottingtheheat
indicesprovidestherange of latitudesandlongitudesvhele
thereis significantactivity (definedater). Theseaegionsare
visualizedusingvectorfields and other visualizationtech-
nigues. The enormousamountof data generated by MI-
COM can be consideably reducedfor the purposeof cli-
matediagnosticsusingthisapproacdc. Themodelis demon-
stratedon datafromseveral daysanddifferentlayers of the
Atlantic ocean.

1. Intr oduction

Due to enormity of the high-resolutionoceandata, com-
putationis expensve both in terms of computing power
and time (on top of the addedspacecompleity to this
problem). This leadsto useof the low-resolutiondatafor
quickunderstandingf thesystenmbehaior. While thelow-
resolutiondatais considerablysmallerin quantity it also
lacksthe quality of information ordinarily availablein the
high-resolutiondata. In this work we take two metricsin
Physical OceanographyPolevard heatflux and Eastvard
heatflux. Theheatfluxesprovide ameasuref theheattrans-
port polewvard andeastvard for eachlatitudeandlongitude
respectrely. While thisis a very importantmetric, it is dif-
ficult to visualize,asit producesa graphasseenin Figure
1. In orderto bettervisualizethe heattransportwe break
the metricsdown to their fundamentakcomponentgo de-
fine new metrics.

As in mostlarge dataset®f this nature thereis a great
dealof redundany. In this papemwe wishto take advantage
of thisredundany, by identifyingtheregionsof redundang
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and imposing conditionsof low-resolutionand imposing
high-resolutiorconditionin the caseof low-redundang. To
recognizetheseregionswe will identify anddefinemetrics
thatcanbeappliedin awide-rangeof applications.

In this paperwe specifically proposethe use of this
methodto identify the regions of activity usingthe Pole-
wardandEastvardheattransport.We wouldlike to beable
to identify andisolatemesoscaleoherenstructurdik e jets
andeddies.Therestof the paperis organizedasfollows -
theintroductionis followed by previouswork in this area,
thenabrief introductionto thedatasets provided,followed
by the derivation of the metric usedin this study the next
sectionaddresseshe methodand algorithm usedin this
work, followedby resultsandconclusions.

2. Previous Work

This sectionhighlights only someof the researchthat fo-
cusedon data refinementand visualization methodsfor
oceanicdatasetsandis not meantto be a comprehensie
review.

Finding the appropriatemethod or suite of methods
to bestportray the meaningof the given datais a chal-
lenge. [7]. Prior to the availability of advancedvisual-
ization techniques,oceanmodel outputswere visualized
in 2D rectangularflat surfaces. In orderto rendersuch
outputmorerealistically varioustechniquediave emeged.
Theseincludeddigital elevation models,wire frame over-
lays, and grayscaleand color-shadingmappingtechniques
[13]. A tool calledOceanographi¥isualizationinteractive
ResearciTool (OVIRT) hasbeendevelopedto explore the
utility of scalarfield volumerenderingin visualizingervi-
ronmentabceardataandto extendsomeof theclassicakD
oceanographidisplaysinto a 3D visualizationervironment
[11].

In orderto analyzehelargescientificdatasetsdataman-
agementechniquesreoftenusedto identify areaof inter-
estwithin thedatasetThis allows thereductionof a dataset
sizeanddimensionalityandthe estimationof missingval-
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Figurel: PolevardHeatFlux for Day 3, Layer2.

uesor correctionof erroneougentries[9]. In this study to
dealwith thoselargescientificdatasetsatwo-stepapproach
wasproposed(1) Usingdatamining algorithmsto identify
areaf interestwithin the dataset.(2) Using visualization
techniquedasedn perceptuatuesto displaytheresultsof
thedatamining step[10]. A greaterunderstandingf adata
set and reducedanalysistime, supplementingraditional
methodswith 3D visualizationandnovel displaytechniques
have alsobeenproposed8]. Visualizationtechniquesised
for oceandatahave included- trivariate (B-Splines)para-
metric representatiorof data[15], feature-&tractionand
tracking[17], featurebasedvisualizationfor tracking sea
surfacetemperaturg16], andmeasuremerdandanalysisof
featurevelocities(usuallyreferredto asestimationof optic
flow) [3]. Sincetheoceanmodelis highly nonrigid (known
asfluid datain motion classification),relaxationmethods
have beenproposedby droppingthe constraintsmposed
by thefluid motion[6].

In applicationssuchasoceanographyisualization,one
concernis obtaininggood-enoughmodelsfrom real data
dueto their enormity The proposedmethodscould prove
very usefulin distilling the enormousamountof informa-
tion into onethatis sufiicient for this applicationby detect-
ing regionsof interestandregionsof non-interes{little or
no obsenablechangepasednthedefinedmetrics).While
mostof theseworks have performedsub-samplingn some
fashion,the significanceof our work lies in definingstan-
dardizedmetricsto measurehe loss (or gain) of informa-
tion dueto the sub-samplingrelatingto the physicalchar
acteristicsof the variablebeingvisualized. Since modifi-
cationto onevariablemay have a marked changein other
variablesthis work would beimportantto bothoceanogra-
phersandcomputerscientists.
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Figure2: EastwardHeatFlux for Day 3, Layer2.

3. Numerical General Circulation
Model: MICOM

MICOM is the Miami isopycnic oceancirculation model.
This numericalmodel hasits origins in the seminalwork
doneby [4], which usesdensityasa vertical coordinatefor
the ocean.In this model,the datais sased at differentspa-
tial andtemporal(i.e. varyingdepth)locationsin the ocean.
Typically thedatais collecteddaily (or everythreedays)for
6 or 12 monthsat a time. Eachdatasethasmultiple vari-
ablesassociatedvith them, suchasvelocity, temperature,
salinity etc. Thedatausuallyis availablein two resolutions
The high-resolutiondatais usually &° longitudeby -°
latitudeby 35 layers. The finestresolutionstudiescontrast
stronglywith the low resolutionandshaw particularlytur-
bulentbehavior [12].

3.1 Physical Diagnostic Metric - I: The Pole-
ward heatflux and the Eastward heatflux

Measurementdoneto-date(e.g. [1] for the Pacific Ocean,
[2] for the Atlantic) have suggestedhatthe mesoscaled-
diesand mesoscaldeaturesplay a strongrole in carrying
heatpolevard. MICOM is one of a few suite of models,
wherethe resolutionof the numericalexperimentsis high
enoughto resole the mesoscaleddies.Hencea question
alludedto beforearises,.e, to whatspatialextentmustwe
resol\e the featuresto get an accuratedescriptionof the
polewvard heatflux in individual isopycnal layers? In ad-
dition, how canthe physicalmetric of Polevard heatflux
andEastvard heatflux be usedto visualizethe oceandata
better? This connectdo our previous conceptof interest-
ing andnon-interestingegions.

In accordancevith theusualoceanographinotation,we
take x to bethe Eastvard andy to bethe Northwarddirec-



tion. Polevardheatflux in anisopycnallayer! of thickness
dp(x,y,l)canbedefinedas

Pl = | " pCyo(a, v, )T (2., Ddp(z,y, )z (1)

Tw

where,zyy is thewesterrboundaryof the Oceanbasin(the
Americancontinentfor our North Atlantic simulations);z g
is the easterrboundaryof the oceanbasin,p is the density
of the seavater C), is the specificheat,v is the meridional
velocity componen{(in the Northward direction- positive
values,in the Southvard direction - negative values),and
T the temperatureat points (z, y) for layeri. While the
Cartesiarformulaearepresentedherefor simplicity, thein-
tegralevaluationsaredoneusingthefull sphericageometry
equialentof theabove formulae thatis, dz = Rcos(¢)d(,
whered( is the rangein longitude, R is the radiusof the
Earth,and¢ thelatitude. Similarly theeastvardheatflux is
definedas

B(a,l) = / " oCypule,y, )T @,y Ddp(, . Ddz (2)

Ys

In our analysisthat follows, we scalethe poleward and
eastvardheatfluxesby thefactorpC), sincewe aremainly
interestedn identifying regionsof interestbasedon these
physicalmetricsandtestingthe corvergenceto thesemet-
rics at differentresolutions.Thesetwo quantitiesaretaken
asthe physicalmetricswhich will be usefulto visualizear-
easof interest.
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Figure3: An eddiein the Gulf of Mexico (day6, layer6).
3.2 Physical DiagnosticMetric - II: The Pole-
ward heatflux andthe Eastward heatflux

While the Polevard and Eastvard heatfluxesare a good
measureof heattransportin the Northern(and Southern)

and Eastern(and Western)directionswe deemedhemin-
sufficient for visualizingindividual quandrantgfor a spe-
cific latitude-longituderegions)for the following reasons.
Theheatflux representa.cummulatie sum(in thediscrete
case)for individual latitude andlongitude,i.e., it provides
a singlevalue per latitude or longitude. This providesno
sensef theheattransportatdifferentareasof the sameat-
itude or longitude. As the valuesat eachpoint canbe pos-
itive or negative (dueto changein directionof flow), using
the sumonly canbe misleading. Dueto this variationwe
definedtwo new metricsthatwould enableus to view the
individual latitude-longitudepoints.
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Figure4: A jet stream(day6, layer6).

We definedour first metric, called the heat contentas
the productof the velocity, temperatureanddepthfor each
layer, asgiven by the following equationfor the Polevard
flow:

heat_content(i, j,1) = v(i, j, 1) * (i, 5,1) xdp(i, 5,1) (3)

wherei spansthe rangeof the latitude andj spansthe
rangeof thelongitudeandl is thelayer A similar metricis
definedfor the Eastward flow usingu(i,j) insteadof v(i,j).

This provides us with individual heatcontentat every
point in the quadrant. This metric by itself is insufiicient
asthereis no correlationto the heatflux, the overall heat
transportper latitude or longitude. Hencewe define our
secondmetric- the heatindex. The polewardheatindex is
definedasfollows:

(4,4,1) * (4, 5, 1) * dp(i, j, 1)
P(i,l)

heat_index(i, j,1) = Y 4
where, i andj arethe sameasbefore. P(i,l) is asdefined
in (1). A similar metricis definedfor the Eastward heatin-
dex with u(i,j,I) replacingv(i,j,) andE(j,l) replacingP(,l).



Thiswouldstill facethelimitation of summatiorof negative
andpositive valuesin the heatflux. In orderto isolatethe
Northward (and Southward) and Eastvard (and Westward)
heattransferswe refinedEqgn. (4) to:

heat_index™ (i, 7)
Pt(i,1)

heat_index_Northward(i, j) = (5)
heat_index~ (i, j)
P-(i,1)

whereheat_index™ (i, j) representsll the positive val-
ues(Polevarddirection)and heat_index™ (i, j) represents
all the negative values(Southwarddirection). Similarly by
replacingv(i,j,l) by u(i,j,l) we can get the Eastvard and
Westward directionalflows. Soby computingthe heatin-
dexesbasedn directionwe canvisualizethe Polevardand
Eastvard heattransfersetter

heat_index_Southward(i, j) = (6)

4. Results
4.1 Dataset

The datawas obtainedfrom National Centerfor Atmo-
sphericResearci{NCAR). High resolutionoceandatacan
run into several terabytes.lIt is impracticaland expensve
to usethe entire dataseffor the explicit purposeof desk-
top visualization. We have confinedour attentionto the
Atlantic Ocean(from latitude 13.78° - 66.26°, longitude
—95.04° — 16°). The high resolutiondatais available ev-
ery 0.08" of degreealongthelongitudeandapproximately
about0.055" of a degreein thelatitude. This corresponds
to grid of 1389 points along the longitude by 944 points
alongthelatitude.Measurementareavailablefor 35layers
(only 8 areusedin this experiment) for eachlayer, we use
4 variables,namelydepthof the layer(alsoknown aslayer
thickness),temperatureU baroclinic (eastvard) velocity
componentandV baroclinic (northward) velocity compo-
nent,for eachpoint on the grid. After corvertingfrom its
native formatto a matrix of longitude,latitude,depth,tem-
peratureand U-V velocity componentghe Polevard and
Eastward heatflux are computed,using equationg1) and
(2) respectiely for eachlayer Figuresl and?2 shav the
PolevardandEastvard heatflux respectiely, for day 3 (of
the dataset) layer 2. The horizontalaxis correspondgo
longitude(latitude)andthe vertical axis correspondso the
Polevard (Eastvard) heatflux.

4.2 MesoscaleStructure Identification Algo-
rithm

One of the primary goalsof this work wasto enablede-
tection of mesoscalestructresin the oceanusing the heat
transportas a metric. Mesoscalestructurescanvary from
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Figure5: Eddieon Day 0 Layer5

HeatindexV/PosNeg Layer 6, Day 000 x10°

-2

-6

=95 -90 -85 -80 =75
Longitude

Figure6: Eddieon Day 0 Layer6

eddiesto meanderingcurrentsto jets to vertical compres-
sionof strongcornvergenceanddivergence Eddies dynam-
ically arisefrom baroclinic instability, that have a strong
rotationalcomponen{14]. The rotationalcomponent(or
dominantradius) can vary betweenl10 to 100 kilometers.
They alsotendto be large in radii, closerto the equator
thanpolevard. Meanderingcurrentstendto move in vari-
ousdirectionsin shortintervals. Areasof verticalcompres-
sionof strongconvergenceanddivergencecanbe obsened
aspoints(or locations)aboutwhich thereis strongcorver-
genceor divergenceandcanbe obsenedin severallayers.
Jetsare strongunidirectionalcurrents that typically trans-
portheat.

To identify theseregions we needto detectmesoscale
structuresand be able to isolate the latitude and the lon-
gitude, of suchactvities. In our approachwe exploit the
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Figure7: EddieonDay 0 Layer7

propertiesof thesestructureswith the visualizationof our
metrics.Sinceour metricswould enableusview theflow of

heatin eachindividual directionwe would expectan eddie
to be shav up asa structurethathasflow in all four direc-
tions. Similarly a jet would appearasa long unidirectional
flow.

4.3 Visualization

An exampleof an eddieis shown in Figure (3). For bet-
ter understandinghe flow field of the velocity vectorsare
alsoplotted. The vectorfields validatethe directionalcor-
rectnessof our metric. The blue color indicatesregions
of southerntransportandred indicatesregionsof northern
transportA similarexampleof ajet is shouldin Figure(4).
Herebluerepresentsegionsof westerrtransporindredin-
dicatesregionsof easterrnransport.As the heatindex com-
binesthe layerthicknesstemperaturendvelocity compo-
nents,we choseto ignorethe surfacelayer (layer 1) for the
simplereasonthatthis layer is subjectstrongatmospheric
influences. We focusedonly on layers2 through8. Ap-
plying the methodsdescribedn the previous subsections,
we canisolatedregionsof activity andinactiity. Regions
of inactivity would simply appeamith NULL values(same
asthe land regions). Visualizing additionallayersfor the
samerangeof latitudesandlongitudesshow thatthe activi-
tiescontinuethroughseverallayers,ascanbeseenin layers
5 (Figureb), 6 (Figure6) and7 (Figure7). In this particular
examplewe trackthe eddiethroughthe variouslayerstill it
wealens.Similarly we trackthe gulf stream(a well known
phenomenonthat transportsheatpolewvard along the east
coastof the United States)acrossseveraldays,keepingthe
layerfixed. Figures8, 9 and10 show this jet for layer6 for
days0, 3 and6. Thecontinuouscurve indicatescoastline.
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Figure8: Gulf Streamlayer6 day0
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Figure9: Gulf Streamlayer6 day 3

5. Summary and Conclusions

In this paperwe proposenew metricsthat prove to bevery
effective is visualizingheattransportin the MICOM ocean
model.We demonstratéheeffectivenes®f thisapproacthin
identifyingkey mesoscalstructuresuchasjetsandeddies.
This paperwe alsopresenta robustapproactto identifying
regions of interestand non-interesthroughsimple exami-
nationof the metricsthat we have defined. The approach
canbe extendedto studyothermetricssuchasmomentum
flux andto studytemperaturestructuresand salinity struc-
tures.
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Figure10: Gulf Streamlayer6 day6
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