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Abstract

Thescatterometewind retrieval procesgroducesereralpos-
siblewind vectorchoicesor ambiguitiesateachresolutioncell.
Ambiguity selectiorroutinesaregenerallyad hocandoftenre-
sultin ambiguityselectiorerrors.lt is importantto locateareas
of ambiguityselectiorerrorto assesshe quality of scatterom-
eter wind data. A quality assurancelgorithm is presented
basedn comparingambiguity-selectedindsfrom SeaWhds
on QUIkSCAT to a low orderwind field modelfit. Regions
exceedingerror thresholdsare rated and flaggedas possible
ambiguity selectionerrors. Appropriateerror thresholdsand
additionalflaggingcriteriaare setthroughan analysisof false
alarmsversusmisseddetection®onamanually-inspectettain-
ing dataset. The algorithm correctly identifies 97% of the
regions manuallyflaggedas ambiguity selectionerrorsin the
training setwith a falsealarmrateof lessthan2%. Applying
the algorithmto the entire QuikSCAI' dataset, we conclude
thattheambiguityselections over 95%effective onregionsof
rmswind speedyreaterthan3.5m/s. The algorithmvalidates
thathighernoiseoccursatnadirandin low wind speedegions.
Additionally, fewer estimatecambiguityselectionerrorsoccur
at nadirand on the swath edgesdueto a larger ambiguity set
in thoseregions. The percentagef ambiguityselectionerrors
arefoundto be highly correlatedwith cyclonic stormandrain
occurences.

1 INTRODUCTION

Scatteromete@respaceborneadardhatinfer nearocearwinds.
Scatterometergield broaderand more frequentcoverageof
oceanwinds than traditional in situ obsenations. SeaWhds
on QuikSCAT is the latestscatterometelaunchedby NASA.
SeaWhdsoffersmary advancesn oceanwind estimatiorover
previous scatterometedesigns.Having a larger swaththanits
predecessor§eaWhdsaffordsnearglobalcoverageof surface
windson adaily basis.Becauseccuray is veryimportant,an
assessmertf the quality of SeaWhdsdatais essential.
Scatterometenmeasureadarpulsereturnsfrom theoceans
surface. The power in the returnis usedto calculatethe nor-
malizedradarbackscattecross-sectiorfo®). Microwavesare
sensitve to wind-inducedcapillary waves makingo° a func-
tion of the nearsurfacewind velocity. An obseneds° mea-
suremenbver a region of oceanmapsto a rangeof possible
wind vectorsthroughthe empirically determinedyeophysical

modelfunction (GMF). Becausehe relationshipbetweens®
andthewind is not unique,seseralmeasurementsom differ-
entazimuthanglesarerequiredto infer thewind velocity. In-
strumentoise,GMF inaccuraciesandotherfactorsintroduce
uncertaintyinto the measurementgesultingin multiple wind
vectorestimatest eachwind vectorcell (wvc). Thesepossible
solutionsareknown as point-wiseambiguitieg[2]. The point-
wise ambiguitiesat a wvc generallyhave similar wind speeds
but differentdirections.Eachambiguityhasanassociatedk e-
lihood andthereis no assurancghat the first ambiguityis the
correctchoice.A separatstepknown aspoint-wiseambiguity
selectionis usedto selecta uniquewind vectorat eachwvc.
Oneof the difficulties in wind scatterometrys selectingthe
ambiguityclosesto thetruewind. Whenanambiguitynotthe
closestothetruewind is selectedanambiguityselectiorerror
occurs.

The currentpoint-wiseambiguityselectionprocesaisedby
NASA'sJetPropulsion_aboratory(JPL)for SeaWhdsis ame-
dian filter approach.Numericweatherpredictionmodelsare
usedto nudgethe initial estimateof the wind field. Then,a
modified point-wisemedianfilter iteratively selectsthe ambi-
guity at eachwvc bestmatchingthe flow of the surrounding
wvcs. This methodis ad hog but performswell undermost
circumstances.

Limitationsin both the nudgingprocessandthe point-wise
medianfilter introduceambiguity selectionerrors. Unfortu-
nately it is not possibleto verify correctambiguity selection
without knowledgeof thetruewind. Neverthelessdueto the
(generally)red spectrumof the wind it is possibleto evalu-
ate the self-consisteng of the wind field resultingfrom the
ambiguity selectionprocess. As [1] demonstratedthe self-
consisteng canbe evaluatedby comparingthe selectedwind
to a least-squarefit usinga low-orderKarhunenLoeve (KL)
model. This consisteng check thoughnotwithoutlimitations,
canbe a usefultool for a quality assuranc€QA) checkof the
data.

ThispapedevelopsanimprovedSeaWhds-dataonly method
for detectingambiguityselectiorerrorsandevaluatingthegen-
eralquality of the data. The QA algorithmandthe methodfor
settingappropriatethresholdsare discussedn detail. In ad-
dition, a level bit flag is introducedwhich corveys the overall
quality of eachwvc. The algorithmis appliedto a sampleset
of QuUikSCAT winds. Dueto alargerambiguitysetatnadirand
alongswath edges|essambiguityselectionerrorsareinferred
at nadir and along swath edgesthanin the off-nadir region.



However, nadir and low wind speedregionsare shavn to be
noisier The positionof ambiguityselectionerrorstendsto be
highly correlatedvith the positionof cyclonic stormsandrain.
Thebaselineambiguityselectioris estimatedo beatleast95%
effective for overlappingregionswith rmswind speedsabove
3.5m/s.

2 NOISE AND POINT-WISE AMBIGUITY SELECTION

The point-wisewind estimationprocessnferswind speedand
directionfrom noisy backscattemeasurementsit eachwvc,
asetof point-wiseambiguitiess generatedby findingthelocal
minima of the point-wiseobjectve function. The point-wise
weightedleast-squaresbjective functionis a measureof the
error betweerthe obsenedo® measurementsnda wind vec-
tor'scorresponding? valuesprojectedhroughthe GMF, i.e.
- [of = M(u, ¢ — )
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whereg? is the noisevarianceof the k" measuremenand
M(u, ¢ — y,) is the forward projectionof a wind vectores-
timate (u, ¢) throughthe GMF given v, the azimuthangle
of the k** measurementThe objective functiongenerallyhas
multiple local minimarepresentinghe point-wisewind ambi-
guities. With SeaWhds, only the first oneto four ambiguities
are usedin the estimationprocess. The ambiguitiesdepend
on the ¢° measurementaswell asthe instrumentgeometry
Wheremultiple measurementkack sufficient azimuthalvari-

ation (i.e. at nadir), wind estimatesare noisier Also, a low

signalto noiseratioin low wind speedegionscanresultin an

inaccurateestimateof the wind’s direction. Thus, point-wise
retrieved winds both at nadir andin low wind speedregions
tendto benoisy.

After generatingthe setof point-wiseambiguities,an am-
biguity selectionroutineis employed. The ambiguity selec-
tion algorithmcurrentlyusedby JPL in processingSeaWhds
datahastwo parts:nudgingandmediarfiltering. In traditional
nudging,eachwvc is setto the ambiguity that most closely
matchesan outsideestimateof the wind field, i.e. numerical
weathemredictionmodels.JPLimplementsa variantof tradi-
tional nudgingknown asthresholdechudgingwith SeaWhds.
In thresholdecdhudging theestimatedik elihoodof thecorrect-
nessof the first ambiguity or instrumentskill at a givenwvc
dictatesthe set of ambiguitiesusedto initialize the process.
Wherethe estimatednstrumentskill is high, only ambiguities
with highlikelihoodvaluesarechosenin nudging. Wherethe
estimatednstrumenskill is poor, all ambiguitiesnaybeused.

After selectinganinitial field by nudging thepoint-wiseme-
dianfilter is applied[3]. For eachwvc, the point-wisemedian
filter selectghe ambiguitythatminimizesthedirectionalerror
betweertheambiguityandthe surroundingcells,i.e.

i+3  j+3

A= argmgn Z Z |65 — Prel{[0°,180°7}
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(2)

where®,,; aredirectionsof thesurroundingselectedvind vec-
torsand ¢y, is the directionof the nth aliasatwvc i, j. The
new chosenambiguity 7 replacesthe previous ambiguityon
thenext iteration. The processs iterateduntil corvergencecri-
teriaaremet.

AlthoughtheJPLpoint-wiseambiguityselectiorroutinegen-
erally produceself-consistentesultsjt is ad hocanddoesnot
guaranteehe correctsolution. In addition,the processs sen-
sitive to the nudgingfield. Thresholdechudgingalsois prob-
lematicin areasof estimatechigh instrumentskill whereonly
the first ambiguityis usedin the nudgingprocess.Whenthe
first ambiguityis incorrect(due,for example,to rain contam-
ination),ambiguityselectionerrorsoftenoccur In additionto
ambiguity selectionerrors,noisemay causea selectedambi-
guity to seriouslydeviate from the true wind albeitthereis no
betterchoice.

3 THE KL WIND MODEL

Our QA algorithmis basedon comparingthe selectedwind
field to a low ordermodelfit. The wind field modelis data-
derivedusingthe KL-basedtechniquedescribedy [1] for use
with NASA scatteromete(NSCAT) data. The KL approach
presumeambiguityselectioris generallygood. Thiswasshavn
to betruefor NSCAT andsimilarresultshave beenobtainedor
SeaWhdsdata.

3.1 Formation of the KL Wind Model

The KL modelis formedfrom the eigervectorsof anautocor
relation matrix. The following stepsoutline the how the KL
wind modelis createdrom atrainingsetof QuUikSCAI winds:

1. Thetraining setis subdvidedinto N x N wvc regions
(typically N ~ 8 to 24). Eachregion containsno miss-
ing datapoints.

2. Thestandad vectorform(w,,) of thewindfieldis formed
by columnscanninghe rectangulafU andV’) compo-
nentsfor eachV x N region,i.e.

w | 9T

OcAVrn}
whereQ.{-} representsolumnorderingof the matrix.

3)

3. Theautocorrelatiomatrix R is estimateds

1 M
D _ T
R = _7\ rnE:1ann (4)

whereM isthenumberof N x N wind fieldsexamined.

4. Theorthonormamatrix S is extractedby takingtheeigen-
value(A) decompositiorof R where

R =SAST. (5)
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Figure 1. Thefirst50 eigervaluesofthe8 x 8 KL model.

Thediagonaklement®f A aretheeigervalueswhile the
columnsof S arethethe eigervectorswhich becomehe
basisfields or modelparametersf the KL model.

5. Theorthonormamatrix S is truncatedo ansuitablenum-
berof parameterdorming therestrictecbasisF'.

The eigervectorscorrespondingo the largesteigervalues
modelthe generalwind flow. For an8 x 8 wvc model,the
6 highesteigervaluewind fieldsdo anadequatgob of describ-
ing over95%o0f thewind variability (seeFigurel). Thesewind
fieldsform abasissetfor thewind field modelasshovnin Fig-
ure2. Becauseghe 8 x 8 modelrequiressofew parameterso
characterizéhe majorwind flow, it is choserasthemodelsize
for our QA algorithm.

3.2 WeightedLeast-SquaresFit Usingthe KL Model

To evaluatethe consisteng of thewind, awind field is written
asa linear combination(using a least-square8t) of the trun-
catedbasisset,F. Thecoeficients(x) of themodelparameters
areobtainedusingtheweightedeastsquareestimateof F—1,
Ftie.,

% = Flwq (6)
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Figure2: ThetruncatedKL modelusedin the QA algorithm.
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Figure3: 8 x 8 Ragion of QuikSCA point-wiseselectedvind
andtheKL modefit.

wherewy is the standardrectorform of the 8 x 8 wind field.
Theweightedleastsquare®stimate,

Ft = (FTWF)"'FTw (7)

ignoresnon-datgoints(i.e. landor missingdata)via theweight-
ing matrix W, a diagonalmatrix with onescorrespondingo
placeswith realdatapointsandzeroscorrespondingo places
with non-datgpoints. The model-fitwind field (w,,) is then

(8)

The differencebetweerthe model-fitandobsened wind field
is computedWherethedifferencds significant,thewind field
basissetis not adequatdor describingthe selectecambiguity
field.

Figure3 shavs an 8 x 8 wvc region of point-wiseselected
wind andits leastsquaresapproximation.This examplecon-
tainsinconsistenflow evidencedy thedivergentnatureof the
centralsection.Therestrictecbasiscannotaccuratelyepresent
this feature. This region is identifiedas a possibleambiguity
selectiorerror.

In general differencesetweenthe selectecambiguityfield
andthemodel-fitfield mayresultfrom severalcauses:

w,, = F'x.

1. Ambiguity selectionerrors,especiallywhenthe differ-
enceis large. Ambiguity selectionerrorsresultin large
changeén thewind directionwhichareinconsistentvith
realisticwind flow.

2. Limitationsof the basiswind field. Because truncated
KL basigs usedthebasissetdoesnotincludefrontsand
otherfine-scaldeatures.

3. Noisein thescatterometanind measurements.

It is alsopossibleto have an areaof ambiguity selectioner
ror with spatiallyconsistentvind field. Our techniquecannot
identify suchregions.

Dueto theseconsiderationghealgorithmis considereanly
useful in flagging regions containingpossibleambiguity se-
lection errorswhich are evidencedby inconsistentvind flow.
Without knowing the truewind it is impossibleto identify ac-
tual ambiguity selectionerrorswith 100%accurag. A setof
empirically determinedhresholdss usedto determinef the
errorsaresignificantenoughto give a QA flag.



4 AN OVERVIEW OF THE QUALITY ASSURANCEAL-
GORITHM

Formally, the QA algorithmworksin thefollowing way:

1. Sgmentswath: The swathis sggmentednto 8 x 8 wvc
wind fields overlappingby half in the cross-trackand
half in the along-trackdirections. All regionscontain-
ing morethan25% non-datgointsareexcluded.

2. Modelfit: A weightedeast-squaresiodelfit is madeof
theeachregion.

3. Compaeobservedvindto modelffit: Thedirectionerror
andvectorerrorfor eachwvc in theregionis calculated.
Thedirectionerror is definedasthe differencein direc-
tion betweerthe model-fitcell andthe selectecambigu-
ity, i.e.

©)

whereg¢,,, and¢, arethedirectionsof the modeledand
obsenedcellsrespectrely. Thedirectionerroris always
betweerD®° and18C°. Thevectorerror is definedasthe
magnitudeof thevectordifferencebetweerthemodelfit
andtheselectecambiguity i.e.

Pe = [dm — Dolo<g<180

M=

ke = ((um — 0)* + (v — v5)?) (10)

where(um,, vy, ) and(v,, v, ) aretheu andv components
of themodel-fitcell andobsenedwvc respectiely.

4. Flagindividual cells: Individual cellsareflaggedwhich
exceedthresholdsn directionor vectorerror. Two sets
of wvc thresholdsareused:constantandvariable. Vec-
torsexceedingheconstanthresholdsireflaggedasnoisy
vectos, andthoseexceedingvariablethresholdsreflag-
gedaspossibleambiguityselectionerror vectoss.

5. Geneal classificatiorusingconstanthresholds:Regions
are classifiedas “good, “fair,” or “poor” accordingto
the percentof valid cellsflaggedperregion by constant
thresholds.Theseclassificatiordelimitersarecalledre-
gionthresholds Thisgeneratlassificatiomatesheover
all consistenyg of the wind in eachregion. Noise,am-
biguity selectionerrors,andlimitations of the KL basis

may contrikuteto a “fair” or “poor” classification.

6. Ambiguity selectionerror detection: A more sophisti-
catedanalysisadditionallyflagsthe region asa possible
ambiguity selectionerror. This is known asthe ambi-
guity selectionerror (ASE) region flag. This binaryflag
is optimizedto locateambiguityselectiorerrorsby sup-
pressingknown swath andwind speeddependenhoise
usingasetof variablewvc thresholds.

The QA algorithmis summarizedn Figure4. The following
sectionsdescribeboth the generalclassificationand the ASE
flagin detalil.

Divide swath inta
NxN sections

Use optimized Selectan NxN [
thresholds to region
det_ermme if _ o
region containg
amb|glu|ty Does it
_Selection errorg contain enough
# valid data
points?
Classify Region
Good yes
Fair
Poor

Make a model
fit of the region
Compare the
two regions

Figure 4. Flow chart describingthe quality assuancealgo-
rithm.

Calculate number
of vectors exceeding

an angle or vector
error threshold

5 GENERAL CLASSIFICATION USING CONSTANT
THRESHOLDS

The QA algorithm's generakegion classificatiorindicatesthe
level to which the obsenedwind deviatesfrom the modelin a
givenregion. Noise,ambiguityselectiorerrorsandlimitations
of the truncatedbasiscontritute to the differencebetweerthe
modelfit andthe obsened wind. This sectiondiscusseshe
schemdor classifyingregionsandthe meaningof eachclassi-
fication.

A regionis classifiedaccordingo thenumberof wvcsflagged
perregion by constanthresholds.The QA algorithmapplied
to SeaWhds usessomeof the samewvc thresholdsoundin
[1] for NSCAT. Table 1 shows the wvc thresholdsusedin the
generakegion classificatiorof the SeaWhdsalgorithm.

In Tablel, u,.,s is theregionrootmeansquaredrms)wind
speediefinedby

1
wgwo 2
Urms =

N

11)

wherew, is thestandardrectorform of theobsenedwind field
andN isthenumberof valid datacellsin theregion. Thevalue
of 2.7 m/s usedfor the vectorerror was originally usedas a
maximumcomponengerrorthresholdn [1]. However, a maxi-
mumcomponengerror metric preferentiallyflagserrorvectors

Tablel: Constanthresholdsleterminingheflagging of a vec-
tor. ( fDenotesvaluesusedby[1]).

WVC Threshold Value
directionerror 23 1
2.7t
vectorerror max m/s
0.5Urms




Table2: Thresholdgdeterminingthe classificationof a region.
( tDenotesvaluesusedby [1]).

Classification| Percentagef cells
flaggedperregion
“Good” < 5%
“Fair” 5-20%
“Poor” > 20%*

lying alonga componentxis. Thus,a vectorerror metricis
usedbecausét is independenof theerrorvectors orientation.

The vectorerror thresholdis alsodependenbn region rms
wind speed.The six parameteKL modelhasdifficulty mod-
eling high cell-to-cellwind speedvariation. For high speeds,
this variationmay be greaterthan2.7 m/s andthus cells may
be flaggeddueto poor modeling. To accountfor this, whena
region of rmswind speedgreaterthan5.4 m/sis encountered,
the thresholdis raisedto 0.5 timesthe rmswind speedof the
region.

Regionsareclassifiedoy thenumberof cellsflaggedasshavn
in Table2. The classificationf the region flagging scheme
have thefollowing generaimeanings:

“Good” - (lessthan5% of wvcsflagged)The wind flow fits
the modelestimatevery well andis spatiallyconsistentvith a
low noiselevel.

“Fair” - (betweerb and20%of wvcsflagged)Thewind flow
is consistentbut somevectorsmay containmoderateamounts
of noiseand/ompossibleambiguityselectiorerrors.Wind fields

with fine scalespatialvariationge.g.fronts)mayalsobeflagged.

“Poor” - (morethan20% of wvcsflagged)Thewind flow is
not consistentlueto ambiguityselectionerrorsor high levels
of noise.Nadirandlow wind speedegions(bothof which are
noisier)aremorelikely to classified‘poor”. Featuresuchas
frontsor cyclonesalsoarealsolikely to be flaggeddueto the
modelsrestrictedbasisset.

Althoughtheseclassificationgrenotoptimizedto only iden-
tify regionsof ambiguityselectiorerror, they arehelpfulin de-
terminingthe integrity of the dataitself. Datacells corrupted
by noiseor rainaremorelikely to beflagged‘poor.” The ASE
flag describedn thenext sectionreducesheeffectsof noisein
locatingtrue ambiguityselectiorerrors.

6 IDENTIFYING AMBIGUITY SELECTION ERRORS
(ASE FLAG)

BecauseseaWihds hasvariableperformancevith wind speed
andswath position, it is difficult to locateambiguityselection
errorsfor all regions with constantperformance. Whenthe
constantthresholdschemeis used(asin the generalclassifi-
cation), the algorithm preferentiallyidentifiesregions of high

noiselevel. Using SeaWhdsdata,the noisevariancepercross
track positionandwind speeds estimatedn this section.By

adjustingwvc thresholdso performoptimally for eachwind
speedandcrosstrack positionwe desensitizehe algorithmto
known high noiseregions. Thefollowing sectionsdevelopthe
methodof determiningoptimal thresholdsfor variable cross
track positionsandwind speeds.

6.1 Estimating NoiseVariancein Nadir and Low Wind
SpeedRegions

Nearthe centerof the swath, the differencein azimuthangle
betweenthe two SeaWhds radarbeamsdecreaseto a mini-
mum. In addition,the fore andaft obsenationsbecomel8¢°
out of phase. This limited azimuthvariationamongthe mul-
tiple measurementsreatesa larger variancein the likelihood
estimatesor eachambiguity[4]. Thelargervarianceresultsin
anoisierestimatedvind field. Figure5 demonstratea typical
nadirregion wind field. Thelack of azimuthvariationin the
o measurementsasintroducednoise. Figure5 alsoshovs a
wind field in the“sweetspot” of SeaWhds’ swath. The“sweet
spot” refersto a region of high azimuthvariation outsideof
nadir Notice thewind field is much smootherthanthe nadir
wind field. The smoothematureof the wind field is dueto a
largerazimuthvariationamongmultiple 6° measurements.

In additionto the relationshipbetweenswath positionand
noise estimatesirealsoaffectedby wind speed A calmocean,
correspondingo a low wind speed,is not a good scatterer
Thus, the signalto noiseratio (SNR) for a low wind speed
estimatemay be muchlower thanfor a moderatewind speed
estimate.A low SNR canresultin unreliablemeasurements.
Thus,dataprocessedor vectorswith low wind speedgcorre-
spondingo smallg? values)tendsto benoisierthandatafrom
higherwind speedsNoisein low wind speedegionscauses
large error betweerthe point-wiseselectedvind field andthe
model-fitfield.

Figure6 shavsaregionwith alow rmswind speed2.9m/s)
andthe possiblepoint-wiseambiguities.The point-wisealgo-
rithm selectedhlargepercentagef firstambiguities Although
thisregionis noisy, theremaybeno ambiguityselectiorerrors.
The point-wisealgorithmsimply hadto selectfrom the noisy
ambiguitieggiven.

In orderto estimatethe noiselevel in nadir andlow wind
speedegions,we presenainaveragestandardieviation of wvc
directionsfor eachcrosstrack/rmswind speedbin. The stan-

Nadir Region Wind Sweet Spot Wind

L LE A RN

<Y \ \ \
Ay AN RN
SR N AR
BT eY AR
<A s ANV NN
/// /} NONN NN NN\
aaRres NONONANONYNYN

Figure5: 8 x 8 Ambiguityselectedvind field in the nadir re-
gionand“sweetspot”.
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Figure 6: A samplepoint-wise selectedregion of low wind
speedand all the ambiguities. Redare the first ambiguities,
blueare secondgreenare third, andcyanare fourth.

darddeviationfor eachregionis estimatedasthefollowing:

Oest = Min{o_180° <¢<180°, T0° < p<360° } (12)
whereo is the standarddeviation for all vectordirections(¢)

in agiven8 x 8region. Here,we selectthe minimumvaluefor

thedirectionstandardieviation calculatedvhenthedirections
rangefrom —180° to 180° andfrom 0° to 360°. Thisdefinition
suppressesrrorsin the calculationof the standarddeviation
whenvectordirectionsin a region straddleeither0® and360°

or —180° and180°.

Thestandardieviationfor eachcrosstrackposition/rmsvind
speedbin averagedover several hundredrevs is plottedon a
threedimensionalgrid in Figure 7. A higher noisevariance
at nadirandin low wind speedregionsmale it difficult to set
appropriateconstantvvce thresholddor locatingambiguityse-
lection problems. Becausehe quality assurancelgorithmis
basedon flaggingindividual vectorsexceedinga thresholdin
direction or vector errot, using constantthresholdspromotes
more frequentflagging of high noiseregions. This warrants
usingvariablethresholddor differentcrosstrackpositionsand
rmswind speeds.

Angle Standard Deviation

Figure 7: Theaverge directionalstandad deviation for both
rmswind speedandcrosstrack position.

6.2 SelectingVariable wvc Thresholds

This sectiondevelopsthe methodof determiningvariablewvc
thresholdgo detectambiguityselectionerrorsin the presence
of crosstrackandwind speeddependenhoise. In additionto
thewvc andregion thresholdsyve describeseveral othercrite-
ria which mustbe metto flag a region asa possibleambiguity
error Theseresultsare tunedto SeaWhds data, but similar
methodsmaybeadaptedor usewith futureinstruments.

A selectiorof 15revswasmanuallyinspectedor ambiguity
selectiorerrorsin every 8 x 8 wvc processableegion. All re-
gionsthatexhibitedclearambiguityselectiorerrorswereiden-
tified. This senesasatraining setto tunethealgorithm.

The following discussionusesthe termsmisseddetections
andfalsealarms A misseddetectioris definedasaregionthat
is manuallyflaggedasan ambiguityselectionerror, but is not
flaggedby the algorithm. A falsealarmis definedasa region
thatis flaggedby algorithmasanambiguityselectiorerror, but
not manuallyflagged. The false alarm rate or probability of
falsealarm is definedasthe total numberof falsealarmsdi-
vided by the total numberof regionsnot manuallyflaggedas
ambiguityselectionerrors. The misseddetectiorrate or prob-
ability of misseddetectionis definedas the total numberof
misseddetectionglividedby thetotal numberof regionsmanu-
ally flaggedasambiguityselectiorerrors.Because¢he number
of regionsnotmanuallyflaggedasambiguityselectiorerrorsis
about95% of thedatai,it is valuableto insurea low final false
alarmrate. Both directionandvectorerrorthresholdsaresep-
aratelyoptimizedto give a constantfalsealarmrate of 2.5%
for eachtype of threshold. At this falsealarmrate, a region
thresholdof 14%is foundto be optimal.

6.2.1 OptimalDirectionError Thresholds

Becausdt is importantto minimize the probability of false
alarm,the noiselevel at eachcrosstrack positionandfor each
rms wind speedmustbe taken into account. The variability
dueto noisecanbe suppresseth the flaggingprocesdy set-
ting higherthresholddgfor statisticallynoisier regionsthereby
equalizingthe falsealarmrate for all wind speedsand cross
track positions.

Assumingthat the highervariability in Figure 7 is caused
mostly from noise, settingthresholdshigher for regionsof a
higherestimatedlirectionalstandardleviationshouldsuppress
falsealarmsdueto noise. Thus,anoptimally adjustedversion
of theshapean Figure7 shouldyield aconstanfalsealarmrate
for all wind speedsindcrosstrackpositions.

Tofind asetof directionthresholdshatgivesaconstantalse
alarmratefor all rmswind speedsindcrosstrackpositionsthe
following approachs implemented:

1. Usingthetrainingdatasetin which ambiguityselection
errorshave beenmanuallyidentified,all 8 x 8 wvc re-
gionsarebinnedaccordingto rmswind speedandcross
track position.



2. Theinitial wvc thresholds assignedo bethelowestex-
pectedthresholdvalue.

3. Theobsenedwind is comparedo the modelfit andre-
gionsareflaggedaspossibleambiguity selectionerrors
accordingto the numberof poorcells perregion (in this
case,14%).

4. Thenumberof falsealarmsandmisseddetectionss cal-
culatedfor eachbin.

5. If thefalsealarmratefor a bin is above a certainlimit,
thewvc thresholdor thatbin is raised.

6. If themisseddetectiorratefor abin is greatetthanzero,
andthe falsealarmrateis significantlysmallerthanthe
desiredfalsealarmrate,thewvc thresholds lowered.

7. Thenumberof falsealarmsandmisseddetectionss re-
computedor eachcrosstrackandrmswind speedin.

8. Thisprocesss iterateduntil eitherthefalsealarmratefor
all thebinsor theaveragefalsealarmratefalls beneatta
desiredthreshold.

This algorithmwasappliedto a setof 15 testrevs. Figure8
shaws theresultingsetof directionerrorthresholds.The gen-
eralshapanirrorsthedirectionalstandardieviationsshavn in
Figure7, verifying our assumption.

Thethresholdsn Figure8 arevery noisybecausef thelim-
ited datasetusedto computethem. However, a goodapproxi-
mationto “smoothedthresholdss formedby fitting thecurve
from Figure7 to matchthe valuesof Figure8. The following
algorithmaccomplishethis in aleast-squaresense:

1. Foreachrow of constantmswind speedthevaluesrom
Figure 7 and a uniform vector the samelength are se-
lectedto be “model parametersfor a crosstrack row
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Figure8: Thedirectionthresholdspercrosstrack andrmswind
speedhat minimizeshe probability of false alarm beneatha
thresholdof 2.5%.
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Figure9: Thedirectionerror thresholdger crosstrack andrms
wind speedhatminimizetheprobability of falsealarmbeneath
athresholdof 2.5%.

Cross Track Position

Figure 10: Thevectorerror thresholdsper crosstrack andrms
wind speedhatminimizetheprobability of falsealarmbeneath
athresholdof 2.5%.

from Figure 8. Thesetwo vectorsform the columnsof
matrix 7.

2. A leastsquaredit usingthesetwo model parameterss
madeto thecorrespondingow of numericallydetermined
thresholdvaluesry by takingthe pseudo-imerseof the
matrix T, i.e.x = T'trg.

3. Themodeledow is thenr = T'x.

4. Eachof thecolumnscorrespondingp constantrossrack
positionis low passedilteredto smoothout any obvious
anomalies.

5. Extraadjustmentaremademanuallyto improve perfor
mance. Theseinclude adjustingthe thresholdsor low
(< 4 m/s)andhigh (> 15 m/s)rmswind speedgo sub-
jectively give betterperformance.Insufiicient datafor
theseregionswarrantmanualadjustment.

This methodcreates'smoothed”wvc thresholdswhich ap-
proximatethe wvc thresholdghat give a constantfalsealarm
rate for all crosstrack position and rms wind speedson the
trainingdataset. Thefinal directionerrorthresholdsareshovn
in Figure9.
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Figure 11: Probability of misseddetectionwith optimizeddi-
rectionandvectorthresholdgor differentregion thresholds.

6.2.2 Optimal\VectorError Thresholds

A setof vectorerrorthresholdss alsodeterminedvhichequal-
izesthefalsealarmratefor bothrmswind speedandcrossrack
position. Thesethresholdsaredeterminedn the sameway as
the directionerrorthresholds.Figure 10 shows the imperially
determinedand“smoothed’vectorerrorthresholds.

In orderto classifya region asanambiguityselectionerror,
the total numberof wvcs flaggedmust exceeda thresholdof
14%. To selectthis threshold we analyzedthe misseddetec-
tion rategeneratedy performingthe wvc-thresholptimiza-
tion algorithmwith differentregionthresholdgFigurell). As
shown, thethresholdhatresultsin theminimummisseddetec-
tionsis 14%. Thus,this thresholds usedin thealgorithm.

6.3 Additional Flagging Criteria

We have discussedin ambiguity selectionerror identification
schemébasedon the numberof individual vectorsflaggedper

region. Thefalsealarmandmisseddetectionrateshave been
manuallysetby properlyadjustingthe wvc andregion thresh-
olds. In orderto further reducethe falsealarmswithout sig-

nificantly increasingthe misseddetectionrate, we determine
additionalcriteria that mustbe met in orderto flag a region

asanambiguityselectiorerror. This sectiondescribegachof

the additionalcriteriaincludingaregion RMS errorthreshold,
a supplementargonsisteng check,anda region RMS wind

speedhreshold.

6.3.1 Region RMSError Threshold

In addition to the region thresholdfor the numberof wvcs
flagged,an rms error thresholdis appliedto eachregion in-
spectedThermserroris definedasthefollowing:

((wo —wn) T (Wo — W) )%

N (13)

wherew, andw,, arethe standardvectorforms of the ob-
sened and modeledwinds respectiely and NV is the number
of valid datacells in the region. The numberof falsealarms
andmisseddetectionger rms error bin from applyingthe al-
gorithmto thetrainingdatasetis computedn Figure12. The

— All Regions Manually Flagged
— False Alarms
80F Missed Detections

Figure 12 Histogram of thermserrors of all theregionsman-
ually flagged as “poor”, thefalsealarmsgenertedby theal-
gorithm,andthe misseddetectiongeneted.

falsealarmsfor regionswhoserms error is lessthan1.8 m/s
accountfor nearly 20% of the total numberof falsealarms.
The misseddetectionrateis alsovery high for thoseregions.
This suggestshatthe algorithmdoesnot performwell for re-
gionswherethe rms erroris low (< 1.8 m/s). Thus,anrms
error thresholdis appliedwhich excludesall regionswith rms
error lessthan 1.8 m/s from being flaggedas possibleambi-
guity selectionerrors. The useof this thresholddecreasethe
falsealarmrate by nearly 20% while it increaseghe missed
detectionrate by lessthan1%. For a region to be flaggedas
a possibleambiguity selectionerror, the rms region threshold
mustbemet.

6.3.2 Supplementar€onsistenc¥hek

In orderto furtherreducethe falsealarmrate of the QA algo-
rithm, a supplementargonsisteng checkis performed. The
purposeof asupplementargonsisteng checkis to removere-
gionswith consistenflow but a high variationin wind speed
from beingflagged. The low order KL modelcannotmodel
rapid cell-to-cellvariationin wind speedesultingin superflu-
ousflaggingof fine-scalewind speedeatures.Sincethewind
speedof a cell is not dramaticallyaffectedby the ambiguity
selectionrapidspeedvariationdoesnotgenerallyindicateam-
biguity selectionerrors. This sectiondevelopsa “consisteng
check” that determinesawvhetheror not thereis sufficient di-
rectionalvariationin the region to classifyit asan ambiguity
selectiorerror.

Inconsistencief the wind from ambiguityselectionerrors
causethe wvc directionsof an obsened wind field to drasti-
cally changefrom one part of the region to another Whena
histogramof all the wind directionsin a region is made,re-
gionswith ambiguity selectionerrorstypically yield a multi-
modal histogram. Thatis, the selectedwind vectorssuggest
morethanonemajorflow. Figure13 shows aregion of ambi-
guity selectionerror. Notice the histogramhasmorethanone
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Figure 13: Wind field exhibiting ambiguityselectiorerrors and
a histogramof thedirectionsof all wvcsin theregion.

significantpeak.Thisis anindicatorof inconsistenwind fields
within theregion.

A histogramof a region’s directionsis identified as multi-
modalin thefollowing way:

1. The histogramis madewith a bin spacingof 24°. This
numberwaschoserbecausét maximizesthe ambiguity
selectiorerrordetectiorrate.

2. Thehistogranis reorderedvith theminimumvaluedbin
first.

3. Thehistogramis differentiatedvith anumericalapprox-
imation.

4. Multiple modesare detectedthrough multiple changes
from positive to negative in the derivative (zero cross-

ings).

This simple consisteng checkcomplementshe modelbased
detectionschemeby providing an additionalview of the con-
sisteny of a region without someof the problemsassociated
with the restrictedbasis. However, becausehis consisteng
checkis not geophysicallybasedit is insufficientin fully de-
terminingthe quality of aregion. Neverthelessin thetraining
set,it is effectivein ruling outover91%of regionsnotcontain-
ing errors.

6.3.3 RMSWnd Speedrhreshold

An RMSwind speedhresholds additionallyapplied.Regions
with rmswind speeds$essthan3.5m/sareconsideredot pro-
cessabldecaus¢he SNRmaybetoo low to createvalid wind
direction estimates. From experiencewith NSCAT, mostre-
gionswith rmswind speeddessthan4.0 m/swereflaggedpri-
marily becauseof noise. Throughexaminationof SeaWhds
data,we concludedhatit is very difficult to subjectvely locate
ambiguity selectionerrorswhenthe region rmswind speeds
lessthan 3.5 m/s. Approximately7% of the total numberof
regionsfall beneathhisthreshold.

6.4 Summary of ASE flag

As presentedn this section,regionsare individually flagged
accordingo thefollowing criteria:

1. Over14%of vectorsin theregionareflaggedwith either
thevariabledirectionor vectorerrorthresholds.

2. Thermserrorbetweerthe obsenedwind andthe model
fit is greatetthan1.8m/s.

3. A histogranmof thewvc directionsin theregionis multi-
modal.

4. Thermswind speedf theregionis greateithan3.5m/s.

In orderto flag a region asanambiguityselectionerror, all
of thesecriteriamustbe met.

7 PERFORMANCE OF THE ASEFLAG ON THE TRAIN-
ING DATA SET

The optimizedambiguityselectionerrorflag is appliedto the
training dataset. This sectionrelatesthe probability of false
alarm(Pr4) andmisseddetection( Py, p) for severaltestcon-
ditions.

7.1 Overall FalseAlarm and MissedDetectionRate

Table 3 shaws the resultsfor the algorithmappliedthe train-

ing datasetusingthe following flagging schemes:(A) using

directionthresholdsonly, (B) usingboth directionandvector
thresholds(C) includingthe supplementargonsisteng check
andthermsregionthreshold(D) includingthermswind speed
threshold(E) andnot countinga region asa misseddetection
if anoverlappingregionis flagged.Thefollowing obsenations
aremade.

Table3: Falsealarm and misseddetectionratesfor the ambi-
guity selectionerror detectionalgorithmfor variouscombina-
tionsof flagging criteria.

Case| Thresholds| Other| Pra Pyp
A 1 - 0.025 0.18
B 1,2 - 0.053 0.062
C 1,2 3 0.017 0.132
D 1,2,4 3 0.015 0.135
E 12,4 3,5 0.015 0.030
Key

1: Numericallydeterminedlirectionthresholds

from Fig. 9, Regionthresholdof 0.14

2: Numericallydeterminedrectorthresholds
from Fig. 10, Regionthresholdof 0.14

3: Includingthe supplementargonsisteng check
andthermswind speedhreshold

4: RMS errorthresholdof 1.8 m/s

5: Not countinga region asa misseddetectionf
anotheregion with 50% overlapwasflagged
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Figure 14 FalseAlarm and MissedDetectionRatesfor the al-
gorithmper crosstrack andrmswind speed Thisdatais taken
fromatestsetof 15revs.

1. Whenbothdirectionandvectorerrorthresholdsireused,
the falsealarmrate increasesbut thereis a noticeable
reductionin misseddetectionsg(seecaseB opposedo
caseA).

alarmrate(seecaseD opposedo caseB).

. Not countinga region as a misseddetectionif another
region with 50% overlapis flaggedlowers the missed
detectiorrate(seecasek).

From theseresults, we seethat the detectionrate for re-
gions containingambiguity selectionerrorsis approximately
97%while thefalsealarmrateis lessthan2%.

7.2 FalseAlarm and MissedDetectionRatesper Cross
Track and RMS Wind SpeedBin.

Figure 14 shavs the falsealarmand misseddetectionratesof

the ambiguity selectionerror flag for differentcrosstrack po-
sitionsandrmswind speedsFor speedgrom 5 to 15 m/s, the
quality assurancalgorithmyieldsaratherconstanfalsealarm
and misseddetectionrate. The algorithmis slightly lesseffi-

cientin the 4 m/sbin. In addition,thereis a slight tendeng
toward increasedalsealarmsat nadir becausehe additional
criteriais notvariablewith swathlocation.

8 QABIT FLAG

In orderto make the QA datamoreaccessiblewe introducea
QA bit flag thatcanbe usedin conjunctionwith the standard
wind product.In this section,alevel bit flag is introducedthat

. Usingtheadditionalcriteriadramaticallyreduceshefalse

indicatesthe inferred quality of eachcell in arev. Wind data
is generallystoredasa swath-shapearraywith eachelement
representingwvc. A correspondin®@A flagarrayis produced
by the quality assurancalgorithm. Theflag is a 4 bit integer
ateachwvc. Thefollowing sectionsdescribethe meaningof

eachbit.

8.1 Individual WVC Flag

Thetwo leastsignificantbits of the QA flag, [¢1, go] indicatein-
dividually flaggedvectors Bit ¢ is setwhenavectoris flagged
usingthe constanthresholdsn ary of the overlappingregions
(noisyvectorflag). Bit ¢; is setwhenavectoris flaggedusing
the variablethresholdgpossibleambiguity selectionerror or
ASE cell flag). Recallthe variablethresholdsaresethigherin
nadirandlow wind speedregionsto producea constanfalse
alarmrate over the swath, while the constanthresholdshave
variableperformancever the swath. The constanthresholds
sene asa noisy vectorflag while the variablethresholdsndi-
catevectorsmorelikely to be ambiguity selectionerrors. In
summarythefirst two bits have thefollowing meanings:

41,90

%, 1- Noisyvector Thecell is flaggedusingconstanthresh-
oldsin atleastoneof the overlappingregions,indicating
agenerallynoisywind vector

1, x - ASEcell flag: Thecell is flaggedusingvariablethresh-
oldsin atleastoneof the overlappingregions. Multiple
neighboringflaggedcells mayindicateambiguityselec-
tion errorsin thevicinity.

8.2 RegionWVC Flag

Thetwo mostsignificantbits, [¢3, g2] correspondo theregion
flag. Becausethe 8 x 8 regions overlap, the wvc is classi-
fied with the highestclassificationfor ary of the overlapping
regions. Theflaggingschemas:

q3,q2

0,0- Good: All overlappingregionscontainingthe wvc are
flagged“good” Eachregion containslessthan 5% of
the individual wvcs flaggedby the constantthresholds.
For theseregionsthe wind flow fits the modelestimate
very well andis spatiallyconsistentaving a low noise
level.

0,1- Fair: At leastoneoverlappingregioncontainingthewvc
is flagged‘fair” Theregion contains5-20%o0f its wvcs
flaggedby theconstanthresholdsThewind flow is con-
sistent but somevectorsmay containmoderateamounts
of noiseand/omossibleambiguityselectiorerrors.Wind
fieldswith fine scalespatialvariations(e.g. fronts) may

alsobeflagged.

1,0- Poor: At leastoneoverlappingegioncontaininghewvc

is flagged“poor.” The region containsmorethan 20%



Figure 15. QA bit flag examplecontaininga possibleregion of
ambiguityselectionerror. Missing vectos indicate the posi-
tion of land. Noticethat the QA algorithmflagsthe positionof
inconsistenciem the estimatedvind flow

of wvcs flaggedby the constantthresholds. The wind

flow is not consistentdue to ambiguity selectionerrors
high levels of noise. Nadir regionsandlow wind speed
regions (both of which are noisier) are more likely to

flagged‘poor.”

1,1- ASEregionflag: At leastoneoverlappingegionisflagged
ascontainingambiguityselectionerrors. Theregion ex-
ceedsl4% cellsflaggedby the variablewvc thresholds,
hasanrmswind speedf abore 3.5m/s,thermserrorbe-
tweenthe obsened andthe modeledwind is morethan
1.8 m/s,andthe histogramof thewind directionsin the
regionis multi-modal.Givenall of theseconsiderations,
theregion is estimatedo containsubstantiabmbiguity
selectiorerrors.Veryhighnoisecorruptionandrain con-

taminationmay alsocauseheregionto beflagged.

The algorithmis performedfor eachrev andprovidesaflag
valuefor eachwvc. Cellswithoutwind estimatesareflagged
with zeros.Notethatisolatedwvcsor isolatedsmallwvc groups
cannotbe effectively flaggedandare,by default, flaggedzero.
The QA flag can be viewed as an integer numberfrom 0 to
15 indicating the increasinguncertaintyin the correctnes®f
the wind flow at thatcell. Figure15 illustratesa region con-
taining an ambiguity selectionerrorflaggedby the algorithm.
Additional examplesof the QA bit flagareshavn in Figure20.
Notice that the algorithm clearly identifiesinconsistenciesn
the estimatedwind flow. This informationcanbe usedto lo-
cateisolatedregions of ambiguity selectionerrorsin orderto
correctthem.

9 QUIKSCAT QA RESULTS

In this section the quality assurancalgorithmis appliedto 16
monthsof SeaWhdsdataanda statisticaknalysiss performed
of regionsflaggedby thealgorithm.

Table4: Ovenmll resultsof the QA algorithm on a the entire
missionandthetraining dataset. Also,the percentof ambigu-
ity selectionerrors manuallyflagged

Region Overall | Training | TrainingSet

Classification Set(QA (Manually
Algorithm) Flagged)

Good 65.2% 63.6% -

Fair 19.3% 19.6% -

Poor 15.5% 16.8% -

Contains

Ambiguity 4.6% 4.9% 4.0%

Selection

Errors

9.1 Overall SeaWnds QA Results

Herewe examinethe overall percentof regionsclassifiedac-
cordingto eachof the generalclassificatiorevels (good,fair,
poor)andthe percentof regionsidentifiedasambiguityselec-
tion errors. The overall QA resultsaregivenin Table4 along
with the QA resultsfrom thetrainingset.

The QA algorithmflaggedapproximatelythe samepercent
of ambiguityselectionerrorsaswere manuallyflaggedin the
training set(within 1%). The higherpercentof estimatedam-
biguity selectiorerrorsflaggedby the algorithmaredueto the
non-zerdalsealarmrate. Fromthis data,we concludethatthe
overallambiguityselectionis atleast95%effectivefor all over-
lapping8 x 8 regionswith wind speedgyreaterthan3.5 m/s.
Also, ~ 65% of theregionsareclassifiedas“good” indicating
thatmostof the datahasvery low noiselevel.

The overall resultsof the algorithmon SeaWhds dataare
comparabléo the resultsof the QA algorithm developedfor
NSCAT [1]. With NSCAT, 65% of regions are classifiedas
“perfect” or “good, which is equivalentto the “good” clas-
sificationfor SeaWhds. In addition,18% of NSCAT regions
areclassifiedas“poor.” Also, it is estimatedhatthe NSCAT
ambiguity selectionis over 95% effective. Theseresultsare
nearlyidenticalto the resultsdeterminedor SeaWhds. Thus,
our QA algorithmestimateghat the quality of SeaWhds data
is approximatelthe sameasthe quality of NSCAT data.

9.2 CrossTrack/RMS Wind SpeedDependence

Whencomparingheoverallpercenof regionsflaggedas‘poor”
to thoseflaggedasambiguityselectiorerrors(seeTable4), we
recognizethatthe percentagef regionsflaggedasambiguity
selectionerrorsis significantlysmallerthanthe percentag®f
regionsclassifiedas“poor.” To explain this, we examinethe
crosstrackandrmswind speeddependencef “poor” andASE
regions. Figures16 and17 which shav the percentof regions
classifiedas“poor” andflaggedasambiguity selectionerrors
percrosstrackandrmswind speedbins. As predictedin Sec-
tion 6, the majority of regionsflaggedas“poor” arelow wind
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Figure 16 Fractionof all regionsflaggedas“poor” (blueline)

usingconstanthresholdsandflaggedas containingambiguity
selectionerrors (redline) usingoptimizedvariable thresholds
per crosstradk position.

speedandnadirregions(seeFiguresl6and17). Sincetheam-
biguity selectiorerrorflagis desensitizedb noiseat nadirand
in low wind speedregions, mary lessregions are flaggedas
ambiguityselectiorerrorsthanareclassifiedas“poor.”
Examiningthe cross-tracldependencef regionsflaggedas
ambiguity selectionerrorsin Figure 16, we seethat the al-
gorithm infers fewer ambiguity selectionerrorsat nadir and
alongswath edgeghanin the sweetspot. To explain this phe-
nomenonwe inspectthe numberof ambiguitiesproducecber
cell for eachcrosstrack position. At nadirand on the swath
edgesmoreambiguitiesaregenerallyproducedpercell. The
percentof 1 to 3 ambiguitycaseer crosstrackis compared
to theperceniof 4 ambiguitycasesn Figure18.
Thegenerakhapeof thecurverepresentinghe 1 to 3 ambi-
guity case®f Figurel8closelymirrorsthe percenbf ambigu-
ity selectiorerrorspercrosstrackshaovnin Figurel6. At nadir
andon swath edges(wheretherearelessambiguity selection
errors),thereis a higherlikelihood of having four ambiguity
choices. Having more ambiguitiesmay causelessestimated
ambiguity selectionerrorsfor two reasons:First, in regions
of datacorruption(suchas rain contamination) the nudging
algorithmgenerallyhasmore ambiguity choicesto matchthe
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Figure 17: Fractionof all regionsflaggedas“poor” (blueline)
andascontainingambiguityselectiorerrors (redline) perrms
wind speed.
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Figure18: Fractionof wvcspercrosstradk containingonly 1 to
3 ambiguities(left figure) and fraction of wvcsper crosstrack
containing4 ambiguitieg(right figure) averaged over 600revs
of Seaihdsdata.

nudgingfield. Secondthe point-wisemediarfilter hasawider
selectiorof possibleambiguitieswhencreatinga smoothsolu-
tion. Thus,thesweetspotactuallygeneratesnoreinconsisten-
cieswhich areflaggedasambiguityselectiorerrors.

9.3 Temporal QA Statistics

Next, we examinetheambiguityselectiorasafunctionof time.
Figure 19 shawvs the ambiguity selectionerrorsaveragedover
3 daysfor eachpoint. The percentagef ambiguityselection
errorsstaysnominally betweem% and5% for the entiremis-
sion. Thereis a slight seasonatise in errorsfrom March to
May andadropin errorsfrom May to August. Thismaybeex-
plainedby seasonabariationsin weathepatternswvhich affect
theperformancef the QA algorithm[1].

In orderto understandhe seasonaiveatherpatternvaria-
tions, we divide the QA datainto latitudebands(seeTable5).
For eachband,the averagenumberof cyclonic stormspassed
by SeaWhds perday, the averagepercentagef wvcsflagged
with the JPL rain flag andthe averagepercentagef ambigu-
ity selectionerrorsperdayarecomputedandgivenin Figures
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Figure19: Ambiguityselectiorerrorsasa functionoftime The
blueline is the percentof ambiguityselectionerrors averaged
over3 days.Theredline is a 30 daymoving aveiage.



Table5: Latitudebands

Band Range
—90° to —45°
—45° to —25°
—25°to —5°
—5°10 5°
5° 1o 25°
25° 1o 45°
45° to 90°

~N~NooabhwdNE

21,22 and23. Fromvisualinspectionthe ambiguityselection
errorscloselyfollow the numberof cyclonic stormsand per
centof cellsflaggedasrain for eachlatitude band(especially
bands3 and5). Thisindicateshatalargepartof theambiguity
selectiorerrorscoincidewith stormsandrain.

9.4 QA Bit Flag Results

The resultspresentedhusfar have giventhe statisticsfor the
QA algorithmon a region-by-region basis. However, because
the regionsoverlap, this do