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Abstract

Thescatterometerwind retrieval processproducesseveralpos-
siblewind vectorchoicesor ambiguitiesateachresolutioncell.
Ambiguityselectionroutinesaregenerallyadhocandoftenre-
sult in ambiguityselectionerrors.It is importantto locateareas
of ambiguityselectionerrorto assessthequality of scatterom-
eter wind data. A quality assurancealgorithm is presented
basedoncomparingambiguity-selectedwindsfrom SeaWinds
on QuikSCAT to a low order wind field model fit. Regions
exceedingerror thresholdsare ratedand flaggedas possible
ambiguityselectionerrors. Appropriateerror thresholdsand
additionalflaggingcriteriaaresetthroughananalysisof false
alarmsversusmisseddetectionsonamanually-inspectedtrain-
ing dataset. The algorithm correctly identifies97% of the
regionsmanuallyflaggedasambiguityselectionerrorsin the
trainingsetwith a falsealarmrateof lessthan2%. Applying
the algorithmto the entire QuikSCAT dataset, we conclude
thattheambiguityselectionis over95%effectiveonregionsof
rmswind speedgreaterthan3.5 m/s. Thealgorithmvalidates
thathighernoiseoccursatnadirandin low wind speedregions.
Additionally, fewer estimatedambiguityselectionerrorsoccur
at nadir andon the swath edgesdueto a largerambiguityset
in thoseregions.Thepercentageof ambiguityselectionerrors
arefoundto behighly correlatedwith cyclonic stormandrain
occurences.

1 INTRODUCTION

Scatterometersarespaceborneradarsthatinfernearoceanwinds.
Scatterometersyield broaderand more frequentcoverageof
oceanwinds than traditional in situ observations. SeaWinds
on QuikSCAT is the latestscatterometerlaunchedby NASA.
SeaWindsoffersmany advancesin oceanwind estimationover
previousscatterometerdesigns.Having a largerswaththanits
predecessors,SeaWindsaffordsnearglobalcoverageof surface
windsonadaily basis.Becauseaccuracy is very important,an
assessmentof thequalityof SeaWindsdatais essential.

Scatterometersmeasureradarpulsereturnsfrom theocean’s
surface. The power in the returnis usedto calculatethe nor-
malizedradarbackscattercross-section
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surementover a region of oceanmapsto a rangeof possible
wind vectorsthroughthe empirically determinedgeophysical

model function (GMF). Becausethe relationshipbetween
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andthewind is not unique,severalmeasurementsfrom differ-
entazimuthanglesarerequiredto infer thewind velocity. In-
strumentnoise,GMF inaccuracies,andotherfactorsintroduce
uncertaintyinto the measurementsresultingin multiple wind
vectorestimatesateachwind vectorcell (wvc). Thesepossible
solutionsareknown aspoint-wiseambiguities[2]. Thepoint-
wiseambiguitiesat a wvc generallyhave similar wind speeds
but differentdirections.Eachambiguityhasanassociatedlike-
lihood andthereis no assurancethat thefirst ambiguityis the
correctchoice.A separatestepknown aspoint-wiseambiguity
selectionis usedto selecta uniquewind vectorat eachwvc.
Oneof the difficulties in wind scatterometryis selectingthe
ambiguityclosestto thetruewind. Whenanambiguitynot the
closestto thetruewind is selected,anambiguityselectionerror
occurs.

Thecurrentpoint-wiseambiguityselectionprocessusedby
NASA’sJetPropulsionLaboratory(JPL)for SeaWindsis ame-
dian filter approach.Numericweatherpredictionmodelsare
usedto nudgethe initial estimateof the wind field. Then,a
modifiedpoint-wisemedianfilter iteratively selectsthe ambi-
guity at eachwvc bestmatchingthe flow of the surrounding
wvcs. This methodis ad hoc, but performswell undermost
circumstances.

Limitations in both thenudgingprocessandthepoint-wise
medianfilter introduceambiguity selectionerrors. Unfortu-
nately, it is not possibleto verify correctambiguityselection
without knowledgeof the truewind. Nevertheless,dueto the
(generally)red spectrumof the wind it is possibleto evalu-
ate the self-consistency of the wind field resulting from the
ambiguity selectionprocess. As [1] demonstrated,the self-
consistency canbe evaluatedby comparingthe selectedwind
to a least-squaresfit usinga low-orderKarhunenLoeve (KL)
model.Thisconsistency check,thoughnotwithout limitations,
canbea usefultool for a quality assurance(QA) checkof the
data.

ThispaperdevelopsanimprovedSeaWinds-dataonlymethod
for detectingambiguityselectionerrorsandevaluatingthegen-
eralquality of thedata.TheQA algorithmandthemethodfor
settingappropriatethresholdsare discussedin detail. In ad-
dition, a level bit flag is introducedwhich conveys theoverall
quality of eachwvc. Thealgorithmis appliedto a sampleset
of QuikSCAT winds.Dueto alargerambiguitysetatnadirand
alongswathedges,lessambiguityselectionerrorsareinferred
at nadir and along swath edgesthan in the off-nadir region.



However, nadir and low wind speedregionsareshown to be
noisier. Thepositionof ambiguityselectionerrorstendsto be
highly correlatedwith thepositionof cyclonicstormsandrain.
Thebaselineambiguityselectionis estimatedtobeatleast95%
effective for overlappingregionswith rmswind speedsabove
3.5m/s.

2 NOISE AND POINT-WISE AMBIGUITY SELECTION

Thepoint-wisewind estimationprocessinferswind speedand
directionfrom noisybackscattermeasurements.At eachwvc,
asetof point-wiseambiguitiesis generatedby findingthelocal
minima of the point-wiseobjective function. The point-wise
weightedleast-squaresobjective function is a measureof the
errorbetweentheobserved

���
measurementsanda wind vec-

tor’scorresponding
���

valuesprojectedthroughtheGMF, i.e.��	�

� � ���	���� �
u ��� ��� 	 �������� �	 (1)

where
� �	 is the noisevarianceof the �! �" measurementand� �

u �#� �$� 	 � is the forwardprojectionof a wind vectores-
timate

�
u �#� � throughthe GMF given � 	 , the azimuthangle

of the �! �" measurement.Theobjective functiongenerallyhas
multiple local minimarepresentingthepoint-wisewind ambi-
guities. With SeaWinds,only thefirst oneto four ambiguities
are usedin the estimationprocess. The ambiguitiesdepend
on the

���
measurementsaswell as the instrumentgeometry.

Wheremultiple measurementslack sufficient azimuthalvari-
ation (i.e. at nadir), wind estimatesarenoisier. Also, a low
signalto noiseratio in low wind speedregionscanresultin an
inaccurateestimateof the wind’s direction. Thus,point-wise
retrieved winds both at nadir and in low wind speedregions
tendto benoisy.

After generatingthe setof point-wiseambiguities,an am-
biguity selectionroutine is employed. The ambiguity selec-
tion algorithmcurrentlyusedby JPL in processingSeaWinds
datahastwo parts:nudgingandmedianfiltering. In traditional
nudging,eachwvc is set to the ambiguity that most closely
matchesan outsideestimateof the wind field, i.e. numerical
weatherpredictionmodels.JPLimplementsa variantof tradi-
tional nudgingknown asthresholdednudgingwith SeaWinds.
In thresholdednudging,theestimatedlikelihoodof thecorrect-
nessof the first ambiguityor instrumentskill at a given wvc
dictatesthe set of ambiguitiesusedto initialize the process.
Wheretheestimatedinstrumentskill is high,only ambiguities
with high likelihoodvaluesarechosenin nudging.Wherethe
estimatedinstrumentskill is poor, all ambiguitiesmaybeused.

After selectinganinitial fieldbynudging,thepoint-wiseme-
dianfilter is applied[3]. For eachwvc, thepoint-wisemedian
filter selectstheambiguitythatminimizesthedirectionalerror
betweentheambiguityandthesurroundingcells,i.e.%&('*),+#-/.10324 536�7�	�
 5�897

:;6<7�=>
 :?8@7
A � 45B: �DC 	�= A E?F G�H?I �KJ G?HKLNM (2)

whereC 	�= aredirectionsof thesurroundingselectedwind vec-
tors and � 45B: is the directionof the &POKQ aliasat wvc R��TS . The
new chosenambiguity,

%& replacesthe previous ambiguityon
thenext iteration.Theprocessis iterateduntil convergencecri-
teriaaremet.

AlthoughtheJPLpoint-wiseambiguityselectionroutinegen-
erallyproducesself-consistentresults,it is adhocanddoesnot
guaranteethecorrectsolution. In addition,theprocessis sen-
sitive to thenudgingfield. Thresholdednudgingalsois prob-
lematicin areasof estimatedhigh instrumentskill whereonly
the first ambiguityis usedin the nudgingprocess.Whenthe
first ambiguityis incorrect(due,for example,to rain contam-
ination),ambiguityselectionerrorsoftenoccur. In additionto
ambiguityselectionerrors,noisemay causea selectedambi-
guity to seriouslydeviatefrom thetruewind albeit thereis no
betterchoice.

3 THE KL WIND MODEL

Our QA algorithm is basedon comparingthe selectedwind
field to a low ordermodelfit. The wind field model is data-
derivedusingtheKL-basedtechniquedescribedby [1] for use
with NASA scatterometer(NSCAT) data. The KL approach
presumesambiguityselectionisgenerallygood.Thiswasshown
tobetruefor NSCAT andsimilarresultshavebeenobtainedfor
SeaWindsdata.

3.1 Formation of the KL Wind Model

TheKL modelis formedfrom theeigenvectorsof anautocor-
relationmatrix. The following stepsoutline the how the KL
wind modelis createdfrom atrainingsetof QuikSCAT winds:

1. The trainingsetis subdividedinto UWVXU wvc regions
(typically UWY[Z to 24). Eachregion containsno miss-
ing datapoints.

2. Thestandardvectorform( \ 4 ) of thewindfield is formed
by columnscanningthe rectangular( ] and ^ ) compo-
nentsfor eachU_V`U region, i.e.

\ 4 'ba1cedgf ] 49hcedgf ^ 49hji�k (3)

where c d fml h representscolumnorderingof thematrix.

3. Theautocorrelationmatrix n is estimatedas

%n 'poq r�4 
s� \ 4 \ 4ut (4)

where
q

is thenumberof UvVwU wind fieldsexamined.

4. Theorthonormalmatrix x isextractedby takingtheeigen-
value( y ) decompositionof

%n where%n ' x/yzx t k (5)
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Figure1: Thefirst50eigenvaluesof the8 V 8 KL model.

Thediagonalelementsof y aretheeigenvalueswhile the
columnsof x arethetheeigenvectorswhichbecomethe
basisfieldsor modelparametersof theKL model.

5. Theorthonormalmatrix x is truncatedtoansuitablenum-
berof parameters,forming therestrictedbasis{ .

The eigenvectorscorrespondingto the largesteigenvalues
model the generalwind flow. For an 8 V 8 wvc model, the
6 highesteigenvaluewind fieldsdoanadequatejob of describ-
ing over95%of thewind variability (seeFigure1). Thesewind
fieldsform abasissetfor thewind field modelasshown in Fig-
ure2. Becausethe8 V 8 modelrequiressofew parametersto
characterizethemajorwind flow, it is chosenasthemodelsize
for ourQA algorithm.

3.2 WeightedLeast-SquaresFit Using the KL Model

To evaluatetheconsistency of thewind, a wind field is written
asa linear combination(usinga least-squaresfit) of the trun-
catedbasisset,{ . Thecoefficients( |} ) of themodelparameters
areobtainedusingtheweightedleastsquaresestimateof { 8 � ,{�~ , i.e., |}(' { ~ \ G (6)

Model Parameter 1 Model Parameter 2 Model Parameter 3

Model Parameter 4 Model Parameter 5 Model Parameter 6

Figure2: ThetruncatedKL modelusedin theQA algorithm.

Observed Wind Model Fit

Figure3: 8 V 8 Region of QuikSCAT point-wiseselectedwind
andtheKL modelfit.

where \ G is thestandardvectorform of the8 V 8 wind field.
Theweightedleastsquaresestimate,{ ~ ' � { t
� { � 8 � { t�� (7)

ignoresnon-datapoints(i.e. landormissingdata)via theweight-
ing matrix � , a diagonalmatrix with onescorrespondingto
placeswith realdatapointsandzeroscorrespondingto places
with non-datapoints.Themodel-fitwind field ( \�� ) is then\ � ' {`|} k (8)

Thedifferencebetweenthemodel-fitandobservedwind field
is computed.Wherethedifferenceis significant,thewind field
basissetis not adequatefor describingtheselectedambiguity
field.

Figure3 shows an8 V 8 wvc region of point-wiseselected
wind andits leastsquaresapproximation.This examplecon-
tainsinconsistentflow evidencedby thedivergentnatureof the
centralsection.Therestrictedbasiscannotaccuratelyrepresent
this feature. This region is identifiedasa possibleambiguity
selectionerror.

In general,differencesbetweentheselectedambiguityfield
andthemodel-fitfield mayresultfrom severalcauses:

1. Ambiguity selectionerrors,especiallywhen the differ-
enceis large. Ambiguity selectionerrorsresultin large
changesin thewinddirectionwhichareinconsistentwith
realisticwind flow.

2. Limitationsof thebasiswind field. Becausea truncated
KL basisis used,thebasissetdoesnotincludefrontsand
otherfine-scalefeatures.

3. Noisein thescatterometerwind measurements.

It is alsopossibleto have an areaof ambiguityselectioner-
ror with spatiallyconsistentwind field. Our techniquecannot
identify suchregions.

Dueto theseconsiderations,thealgorithmis consideredonly
useful in flagging regions containingpossibleambiguity se-
lectionerrorswhich areevidencedby inconsistentwind flow.
Without knowing thetruewind it is impossibleto identify ac-
tual ambiguityselectionerrorswith 100%accuracy. A setof
empirically determinedthresholdsis usedto determineif the
errorsaresignificantenoughto giveaQA flag.



4 AN OVERVIEW OF THE QUALITY ASSURANCEAL-
GORITHM

Formally, theQA algorithmworksin thefollowing way:

1. Segmentswath:Theswathis segmentedinto 8 V 8 wvc
wind fields overlappingby half in the cross-trackand
half in the along-trackdirections. All regionscontain-
ing morethan25%non-datapointsareexcluded.

2. Modelfit: A weightedleast-squaresmodelfit is madeof
theeachregion.

3. Compareobservedwindto modelfit: Thedirectionerror
andvectorerrorfor eachwvc in theregion is calculated.
Thedirectionerror is definedasthedifferencein direc-
tion betweenthemodel-fitcell andtheselectedambigu-
ity, i.e. ��� ' A �9� � � � A Gg�P���?� ��J G (9)

where �9� and � � arethedirectionsof themodeledand
observedcellsrespectively. Thedirectionerroris always
between0� and180� . Thevectorerror is definedasthe
magnitudeof thevectordifferencebetweenthemodelfit
andtheselectedambiguity, i.e.� � '�� ��� � � � � � ��� ��� � � � � � ���9�� (10)

where
��� �w� � � � and

��� � � � � � aretheu andv components
of themodel-fitcell andobservedwvc respectively.

4. Flag individual cells: Individualcellsareflaggedwhich
exceedthresholdsin directionor vectorerror. Two sets
of wvc thresholdsareused:constantandvariable.Vec-
torsexceedingtheconstantthresholdsareflaggedasnoisy
vectors, andthoseexceedingvariablethresholdsareflag-
gedaspossibleambiguityselectionerror vectors.

5. General classificationusingconstantthresholds:Regions
areclassifiedas “good,” “f air,” or “poor” accordingto
thepercentof valid cellsflaggedperregion by constant
thresholds.Theseclassificationdelimitersarecalledre-
gionthresholds. Thisgeneralclassificationratestheover-
all consistency of the wind in eachregion. Noise,am-
biguity selectionerrors,andlimitationsof theKL basis
maycontributeto a “f air” or “poor” classification.

6. Ambiguityselectionerror detection: A more sophisti-
catedanalysisadditionallyflagstheregion asa possible
ambiguityselectionerror. This is known as the ambi-
guity selectionerror(ASE) regionflag. This binaryflag
is optimizedto locateambiguityselectionerrorsby sup-
pressingknown swath andwind speeddependentnoise
usinga setof variablewvc thresholds.

TheQA algorithmis summarizedin Figure4. The following
sectionsdescribeboth the generalclassificationandthe ASE
flag in detail.

yes

Make a model
fit of the region

error threshold

Calculate number

an angle or vector
of vectors exceeding Compare the 

two regions

no

Divide swath into
   NxN sections

Select an NxN
        region

Does it

valid data
points?

contain enough

Classify Region
Good
Fair

Use optimized

Poor

thresholds to 
determine if
region contains
ambiguity 
selection errors

Figure 4: Flow chart describingthe quality assurancealgo-
rithm.

5 GENERAL CLASSIFICATION USING CONSTANT
THRESHOLDS

TheQA algorithm’s generalregion classificationindicatesthe
level to which theobservedwind deviatesfrom themodelin a
givenregion. Noise,ambiguityselectionerrorsandlimitations
of the truncatedbasiscontributeto thedifferencebetweenthe
modelfit and the observed wind. This sectiondiscussesthe
schemefor classifyingregionsandthemeaningof eachclassi-
fication.

A regionisclassifiedaccordingto thenumberof wvcsflagged
per region by constantthresholds.TheQA algorithmapplied
to SeaWinds usessomeof the samewvc thresholdsfound in
[1] for NSCAT. Table1 shows thewvc thresholdsusedin the
generalregionclassificationof theSeaWindsalgorithm.

In Table1,
�9� ��� is theregionrootmeansquared(rms)wind

speeddefinedby �9� ��� '�� \ t� \ �U � �� (11)

where\�� is thestandardvectorformof theobservedwindfield
and U is thenumberof valid datacellsin theregion.Thevalue
of 2.7 m/s usedfor the vectorerror was originally usedasa
maximumcomponenterrorthresholdin [1]. However, a maxi-
mumcomponenterrormetricpreferentiallyflagserrorvectors

Table1: Constantthresholdsdeterminingtheflaggingof a vec-
tor. ( ~ Denotesvaluesusedby [1]).

WVC Threshold Value
directionerror 23��~
vectorerror .�), w¡ � k£¢ ~¤ kB¥ �@� ��� m/s



Table2: Thresholdsdeterminingtheclassificationof a region.
( ~ Denotesvaluesusedby [1]).

Classification Percentageof cells
flaggedperregion

“Good” ¦ 5%
“Fair” 5 - 20%
“Poor” § 20% ~

lying alonga componentaxis. Thus,a vectorerror metric is
usedbecauseit is independentof theerrorvector’sorientation.

The vectorerror thresholdis alsodependenton region rms
wind speed.Thesix parameterKL modelhasdifficulty mod-
eling high cell-to-cell wind speedvariation. For high speeds,
this variationmay be greaterthan2.7 m/s andthuscellsmay
beflaggeddueto poormodeling.To accountfor this, whena
region of rmswind speedgreaterthan5.4 m/s is encountered,
the thresholdis raisedto 0.5 timesthe rms wind speedof the
region.

Regionsareclassifiedby thenumberof cellsflaggedasshown
in Table2. The classificationsof the region flaggingscheme
havethefollowing generalmeanings:

“Good” - (lessthan5% of wvcsflagged)Thewind flow fits
themodelestimatevery well andis spatiallyconsistentwith a
low noiselevel.

“Fair” - (between5 and20%of wvcsflagged)Thewind flow
is consistent,but somevectorsmaycontainmoderateamounts
of noiseand/orpossibleambiguityselectionerrors.Wind fields
with finescalespatialvariations(e.g.fronts)mayalsobeflagged.

“Poor” - (morethan20%of wvcsflagged)Thewind flow is
not consistentdueto ambiguityselectionerrorsor high levels
of noise.Nadirandlow wind speedregions(bothof whichare
noisier)aremorelikely to classified“poor”. Featuressuchas
frontsor cyclonesalsoarealsolikely to beflaggeddueto the
model’s restrictedbasisset.

Althoughtheseclassificationsarenotoptimizedtoonly iden-
tify regionsof ambiguityselectionerror, they arehelpful in de-
terminingthe integrity of the dataitself. Datacells corrupted
by noiseor rainaremorelikely to beflagged“poor.” TheASE
flagdescribedin thenext sectionreducestheeffectsof noisein
locatingtrueambiguityselectionerrors.

6 IDENTIFYING AMBIGUITY SELECTION ERRORS
(ASE FLAG)

BecauseSeaWindshasvariableperformancewith wind speed
andswathposition,it is difficult to locateambiguityselection
errors for all regions with constantperformance. When the
constantthresholdschemeis used(as in the generalclassifi-
cation),the algorithmpreferentiallyidentifiesregionsof high
noiselevel. UsingSeaWindsdata,thenoisevariancepercross
trackpositionandwind speedis estimatedin this section.By

adjustingwvc thresholdsto performoptimally for eachwind
speedandcrosstrackpositionwe desensitizethealgorithmto
known high noiseregions.Thefollowing sectionsdevelopthe
methodof determiningoptimal thresholdsfor variablecross
trackpositionsandwind speeds.

6.1 Estimating NoiseVariance in Nadir and Low Wind
SpeedRegions

Nearthe centerof the swath, the differencein azimuthangle
betweenthe two SeaWinds radarbeamsdecreasesto a mini-
mum. In addition,the fore andaft observationsbecome180�
out of phase.This limited azimuthvariationamongthe mul-
tiple measurementscreatesa largervariancein the likelihood
estimatesfor eachambiguity[4]. Thelargervarianceresultsin
a noisierestimatedwind field. Figure5 demonstratesa typical
nadir-region wind field. The lack of azimuthvariationin the���

measurementshasintroducednoise.Figure5 alsoshows a
wind field in the“sweetspot”of SeaWinds’ swath.The“sweet
spot” refersto a region of high azimuthvariation outsideof
nadir. Notice the wind field is muchsmootherthanthe nadir
wind field. The smoothernatureof the wind field is dueto a
largerazimuthvariationamongmultiple

���
measurements.

In addition to the relationshipbetweenswath positionand
noise,estimatesarealsoaffectedby wind speed.A calmocean,
correspondingto a low wind speed,is not a good scatterer.
Thus, the signal to noiseratio (SNR) for a low wind speed
estimatemay be muchlower thanfor a moderatewind speed
estimate.A low SNR canresult in unreliablemeasurements.
Thus,dataprocessedfor vectorswith low wind speeds(corre-
spondingto small

���
values)tendsto benoisierthandatafrom

higherwind speeds.Noisein low wind speedregionscausesa
largeerrorbetweenthepoint-wiseselectedwind field andthe
model-fitfield.

Figure6 showsaregionwith alow rmswind speed(2.9m/s)
andthepossiblepoint-wiseambiguities.Thepoint-wisealgo-
rithm selectedalargepercentageof first ambiguities.Although
thisregionis noisy, theremaybenoambiguityselectionerrors.
Thepoint-wisealgorithmsimply hadto selectfrom thenoisy
ambiguitiesgiven.

In order to estimatethe noiselevel in nadir and low wind
speedregions,wepresentanaveragestandarddeviationof wvc
directionsfor eachcrosstrack/rmswind speedbin. Thestan-

Nadir Region Wind Sweet Spot Wind

Figure 5: 8 V 8 Ambiguityselectedwind field in thenadir re-
gionand“sweetspot”.



Observed Wind All Aliases

Figure 6: A samplepoint-wiseselectedregion of low wind
speedand all the ambiguities. Redare the first ambiguities,
blueare second,greenare third, andcyanare fourth.

darddeviation for eachregion is estimatedasthefollowing:��¨ �  '©.�0N2 f � 8 ��J G Hgª � ª �KJ G H � � G Hgª � ª 7#« G H h (12)

where
�

is the standarddeviation for all vectordirections( � )
in agiven8 V 8 region.Here,weselecttheminimumvaluefor
thedirectionstandarddeviationcalculatedwhenthedirections
rangefrom � o Z ¤ � to o Z ¤ � andfrom

¤ � to ¬m­ ¤ � . Thisdefinition
suppresseserrorsin the calculationof the standarddeviation
whenvectordirectionsin a region straddleeither

¤ � and ¬m­ ¤ �
or � o Z ¤ � and o Z ¤ � .

Thestandarddeviationfor eachcrosstrackposition/rmswind
speedbin averagedover several hundredrevs is plottedon a
threedimensionalgrid in Figure 7. A highernoisevariance
at nadirandin low wind speedregionsmake it difficult to set
appropriateconstantwvc thresholdsfor locatingambiguityse-
lection problems.Becausethe quality assurancealgorithmis
basedon flaggingindividual vectorsexceedinga thresholdin
directionor vectorerror, using constantthresholdspromotes
more frequentflaggingof high noiseregions. This warrants
usingvariablethresholdsfor differentcrosstrackpositionsand
rmswind speeds.
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Figure 7: Theaverage directionalstandard deviation for both
rmswindspeedandcrosstrack position.

6.2 SelectingVariable wvc Thr esholds

This sectiondevelopsthemethodof determiningvariablewvc
thresholdsto detectambiguityselectionerrorsin thepresence
of crosstrackandwind speeddependentnoise. In additionto
thewvc andregion thresholds,wedescribeseveralothercrite-
ria which mustbemetto flag a regionasa possibleambiguity
error. Theseresultsare tunedto SeaWinds data,but similar
methodsmaybeadaptedfor usewith futureinstruments.

A selectionof 15revswasmanuallyinspectedfor ambiguity
selectionerrorsin every8 V 8 wvc processableregion. All re-
gionsthatexhibitedclearambiguityselectionerrorswereiden-
tified. Thisservesasa trainingsetto tunethealgorithm.

The following discussionusesthe termsmisseddetections
andfalsealarms. A misseddetectionis definedasaregionthat
is manuallyflaggedasanambiguityselectionerror, but is not
flaggedby thealgorithm. A falsealarmis definedasa region
thatis flaggedby algorithmasanambiguityselectionerror, but
not manuallyflagged. The falsealarm rate or probability of
falsealarm is definedasthe total numberof falsealarmsdi-
vided by the total numberof regionsnot manuallyflaggedas
ambiguityselectionerrors.Themisseddetectionrateor prob-
ability of misseddetectionis definedas the total numberof
misseddetectionsdividedby thetotalnumberof regionsmanu-
ally flaggedasambiguityselectionerrors.Becausethenumber
of regionsnotmanuallyflaggedasambiguityselectionerrorsis
about95%of thedata,it is valuableto insurea low final false
alarmrate.Both directionandvectorerror thresholdsaresep-
aratelyoptimizedto give a constantfalsealarmrateof 2.5%
for eachtype of threshold. At this falsealarmrate,a region
thresholdof 14%is foundto beoptimal.

6.2.1 OptimalDirectionError Thresholds

Becauseit is important to minimize the probability of false
alarm,thenoiselevel at eachcrosstrackpositionandfor each
rms wind speedmustbe taken into account. The variability
dueto noisecanbesuppressedin theflaggingprocessby set-
ting higher thresholdsfor statisticallynoisier regionsthereby
equalizingthe falsealarm rate for all wind speedsand cross
trackpositions.

Assumingthat the highervariability in Figure 7 is caused
mostly from noise,settingthresholdshigher for regionsof a
higherestimateddirectionalstandarddeviationshouldsuppress
falsealarmsdueto noise.Thus,anoptimally adjustedversion
of theshapein Figure7 shouldyield aconstantfalsealarmrate
for all wind speedsandcrosstrackpositions.

To find asetof directionthresholdsthatgivesaconstantfalse
alarmratefor all rmswind speedsandcrosstrackpositions,the
following approachis implemented:

1. Usingthetrainingdatasetin which ambiguityselection
errorshave beenmanuallyidentified,all 8 V 8 wvc re-
gionsarebinnedaccordingto rmswind speedandcross
trackposition.



2. Theinitial wvc thresholdis assignedto bethelowestex-
pectedthresholdvalue.

3. Theobservedwind is comparedto themodelfit andre-
gionsareflaggedaspossibleambiguityselectionerrors
accordingto thenumberof poorcellsperregion (in this
case,14%).

4. Thenumberof falsealarmsandmisseddetectionsis cal-
culatedfor eachbin.

5. If the falsealarmratefor a bin is above a certainlimit,
thewvc thresholdfor thatbin is raised.

6. If themisseddetectionratefor abin is greaterthanzero,
andthe falsealarmrateis significantlysmallerthanthe
desiredfalsealarmrate,thewvc thresholdis lowered.

7. Thenumberof falsealarmsandmisseddetectionsis re-
computedfor eachcrosstrackandrmswind speedbin.

8. Thisprocessis iterateduntil eitherthefalsealarmratefor
all thebinsor theaveragefalsealarmratefallsbeneatha
desiredthreshold.

This algorithmwasappliedto a setof 15 testrevs. Figure8
shows theresultingsetof directionerror thresholds.Thegen-
eralshapemirrorsthedirectionalstandarddeviationsshown in
Figure7, verifying ourassumption.

Thethresholdsin Figure8 areverynoisybecauseof thelim-
ited datasetusedto computethem.However, a goodapproxi-
mationto “smoothed”thresholdsis formedby fitting thecurve
from Figure7 to matchthevaluesof Figure8. The following
algorithmaccomplishesthis in a least-squaressense:

1. Foreachrow of constantrmswindspeed,thevaluesfrom
Figure7 and a uniform vector the samelengtharese-
lectedto be “model parameters”for a crosstrack row
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Figure8: Thedirectionthresholdspercrosstrack andrmswind
speedthat minimizesthe probability of falsealarm beneatha
thresholdof 2.5® .
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Figure9: Thedirectionerror thresholdspercrosstrackandrms
windspeedthatminimizetheprobabilityof falsealarmbeneath
a thresholdof 2.5® .
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Figure10: Thevectorerror thresholdsper crosstrack andrms
windspeedthatminimizetheprobabilityof falsealarmbeneath
a thresholdof 2.5® .

from Figure8. Thesetwo vectorsform the columnsof
matrix ¯ .

2. A leastsquaresfit usingthesetwo modelparametersis
madeto thecorrespondingrow of numericallydetermined
thresholdvalues,° G by takingthepseudo-inverseof the
matrix ¯ , i.e. }X' ¯�~;°�± .

3. Themodeledrow is then ° ' ¯ } .

4. Eachof thecolumnscorrespondingtoconstantcrosstrack
positionis low passedfilteredto smoothoutany obvious
anomalies.

5. Extraadjustmentsaremademanuallyto improveperfor-
mance. Theseincludeadjustingthe thresholdsfor low
( ¦*² m/s)andhigh ( § o ¥ m/s)rmswind speedsto sub-
jectively give betterperformance.Insufficient datafor
theseregionswarrantmanualadjustment.

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

6.2.2 OptimalVectorError Thresholds

A setof vectorerrorthresholdsis alsodeterminedwhichequal-
izesthefalsealarmratefor bothrmswindspeedandcrosstrack
position. Thesethresholdsaredeterminedin thesameway as
thedirectionerror thresholds.Figure10 shows the imperially
determinedand“smoothed”vectorerrorthresholds.

In orderto classifya regionasanambiguityselectionerror,
the total numberof wvcs flaggedmustexceeda thresholdof
14%. To selectthis threshold,we analyzedthe misseddetec-
tion rategeneratedby performingthewvc-thresholdoptimiza-
tion algorithmwith differentregion thresholds(Figure11). As
shown, thethresholdthatresultsin theminimummisseddetec-
tionsis 14%.Thus,this thresholdis usedin thealgorithm.

6.3 Additional FlaggingCriteria

We have discussedan ambiguityselectionerror identification
schemebasedon thenumberof individual vectorsflaggedper
region. The falsealarmandmisseddetectionrateshave been
manuallysetby properlyadjustingthewvc andregion thresh-
olds. In order to further reducethe falsealarmswithout sig-
nificantly increasingthe misseddetectionrate,we determine
additionalcriteria that must be met in order to flag a region
asanambiguityselectionerror. This sectiondescribeseachof
theadditionalcriteriaincludinga regionRMS errorthreshold,
a supplementaryconsistency check,anda region RMS wind
speedthreshold.

6.3.1 RegionRMSError Threshold

In addition to the region thresholdfor the numberof wvcs
flagged,an rms error thresholdis appliedto eachregion in-
spected.Thermserroris definedasthefollowing:� � \ � � \�� � t � \ � � \�� �U � �� (13)

where \ � and \�� are the standardvector forms of the ob-
served andmodeledwinds respectively and U is the number
of valid datacells in the region. The numberof falsealarms
andmisseddetectionsper rmserrorbin from applyingtheal-
gorithmto thetrainingdatasetis computedin Figure12. The

0 1 2 3 4 5 6 7 8 9 10
0

10

20

30

40

50

60

70

80

90

RMS Error (m/s)

All Regions Manually Flagged
False Alarms                
Missed Detections           

1.8 m/s

Figure 12: Histogramof thermserrors of all theregionsman-
ually flaggedas“poor”, thefalsealarmsgeneratedby theal-
gorithm,andthemisseddetectionsgenerated.

falsealarmsfor regionswhoserms error is lessthan1.8 m/s
accountfor nearly 20% of the total numberof falsealarms.
The misseddetectionrateis alsovery high for thoseregions.
This suggeststhat thealgorithmdoesnot performwell for re-
gionswherethe rms error is low ( ¦ o k Z m/s). Thus,an rms
error thresholdis appliedwhich excludesall regionswith rms
error lessthan1.8 m/s from beingflaggedaspossibleambi-
guity selectionerrors. Theuseof this thresholddecreasesthe
falsealarmrateby nearly20% while it increasesthe missed
detectionrateby lessthan1%. For a region to be flaggedas
a possibleambiguityselectionerror, the rms region threshold
mustbemet.

6.3.2 SupplementaryConsistencyCheck

In orderto furtherreducethefalsealarmrateof theQA algo-
rithm, a supplementaryconsistency checkis performed. The
purposeof asupplementaryconsistency checkis to removere-
gionswith consistentflow but a high variationin wind speed
from beingflagged. The low orderKL modelcannotmodel
rapidcell-to-cellvariationin wind speedresultingin superflu-
ousflaggingof fine-scalewind speedfeatures.Sincethewind
speedof a cell is not dramaticallyaffectedby the ambiguity
selection,rapidspeedvariationdoesnotgenerallyindicateam-
biguity selectionerrors. This sectiondevelopsa “consistency
check” that determineswhetheror not there is sufficient di-
rectionalvariationin the region to classifyit asan ambiguity
selectionerror.

Inconsistenciesin thewind from ambiguityselectionerrors
causethe wvc directionsof an observed wind field to drasti-
cally changefrom onepart of the region to another. Whena
histogramof all the wind directionsin a region is made,re-
gionswith ambiguityselectionerrorstypically yield a multi-
modalhistogram. That is, the selectedwind vectorssuggest
morethanonemajorflow. Figure13 shows a region of ambi-
guity selectionerror. Notice thehistogramhasmorethanone
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Figure13: Wind fieldexhibitingambiguityselectionerrors and
a histogramof thedirectionsof all wvcsin theregion.

significantpeak.Thisis anindicatorof inconsistentwind fields
within theregion.

A histogramof a region’s directionsis identifiedasmulti-
modalin thefollowing way:

1. Thehistogramis madewith a bin spacingof 24� . This
numberwaschosenbecauseit maximizestheambiguity
selectionerrordetectionrate.

2. Thehistogramis reorderedwith theminimumvaluedbin
first.

3. Thehistogramis differentiatedwith anumericalapprox-
imation.

4. Multiple modesaredetectedthroughmultiple changes
from positive to negative in the derivative (zero cross-
ings).

This simpleconsistency checkcomplementsthe modelbased
detectionschemeby providing anadditionalview of thecon-
sistency of a region without someof the problemsassociated
with the restrictedbasis. However, becausethis consistency
checkis not geophysicallybased,it is insufficient in fully de-
terminingthequality of a region. Nevertheless,in thetraining
set,it is effectivein ruling outover91%of regionsnotcontain-
ing errors.

6.3.3 RMSWind SpeedThreshold

An RMSwind speedthresholdis additionallyapplied.Regions
with rmswind speedslessthan3.5m/sareconsiderednotpro-
cessablebecausetheSNRmaybetoo low to createvalid wind
directionestimates.From experiencewith NSCAT, most re-
gionswith rmswind speedslessthan4.0m/swereflaggedpri-
marily becauseof noise. Throughexaminationof SeaWinds
data,weconcludedthatit is verydifficult to subjectively locate
ambiguityselectionerrorswhenthe region rmswind speedis
lessthan3.5 m/s. Approximately7% of the total numberof
regionsfall beneaththis threshold.

6.4 Summary of ASE flag

As presentedin this section,regionsare individually flagged
accordingto thefollowing criteria:

1. Over14%of vectorsin theregionareflaggedwith either
thevariabledirectionor vectorerrorthresholds.

2. Thermserrorbetweentheobservedwind andthemodel
fit is greaterthan1.8m/s.

3. A histogramof thewvc directionsin theregion is multi-
modal.

4. Thermswind speedof theregionis greaterthan3.5m/s.

In orderto flag a region asanambiguityselectionerror, all
of thesecriteriamustbemet.

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

Theoptimizedambiguityselectionerrorflag is appliedto the
training dataset. This sectionrelatesthe probability of false
alarm( ³
´�µ ) andmisseddetection( ³ r1¶ ) for severaltestcon-
ditions.

7.1 Overall FalseAlarm and MissedDetectionRate

Table3 shows the resultsfor the algorithmappliedthe train-
ing datasetusingthe following flaggingschemes:(A) using
directionthresholdsonly, (B) usingboth directionandvector
thresholds,(C) includingthesupplementaryconsistency check
andthermsregionthreshold,(D) includingthermswind speed
threshold,(E) andnot countinga region asa misseddetection
if anoverlappingregionis flagged.Thefollowing observations
aremade.

Table3: Falsealarm andmisseddetectionratesfor theambi-
guity selectionerror detectionalgorithmfor variouscombina-
tionsof flaggingcriteria.

Case Thresholds Other ³ ´<µ ³ rw¶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 1,2,4 3,5 0.015 0.030
Key
1: Numericallydetermineddirectionthresholds

from Fig. 9, Region thresholdof 0.14
2: Numericallydeterminedvectorthresholds

from Fig. 10,Region thresholdof 0.14
3: Includingthesupplementaryconsistency check

andthermswind speedthreshold
4: RMS errorthresholdof 1.8m/s
5: Not countinga regionasa misseddetectionif

anotherregionwith 50%overlapwasflagged
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Figure14: FalseAlarm andMissedDetectionRatesfor theal-
gorithmpercrosstrack andrmswindspeed.Thisdatais taken
froma testsetof 15 revs.

1. Whenbothdirectionandvectorerrorthresholdsareused,
the falsealarmrate increases,but thereis a noticeable
reductionin misseddetections(seecaseB opposedto
caseA).

2. Usingtheadditionalcriteriadramaticallyreducesthefalse
alarmrate(seecaseD opposedto caseB).

3. Not countinga region asa misseddetectionif another
region with 50% overlap is flaggedlowers the missed
detectionrate(seecaseE).

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

7.2 FalseAlarm and MissedDetectionRatesper Cross
Track and RMS Wind SpeedBin.

Figure14 shows the falsealarmandmisseddetectionratesof
theambiguityselectionerrorflag for differentcrosstrackpo-
sitionsandrmswind speeds.For speedsfrom 5 to 15 m/s,the
qualityassurancealgorithmyieldsaratherconstantfalsealarm
andmisseddetectionrate. The algorithmis slightly lesseffi-
cient in the 4 m/s bin. In addition,thereis a slight tendency
toward increasedfalsealarmsat nadir becausethe additional
criteriais notvariablewith swathlocation.

8 QA BIT FLAG

In orderto make theQA datamoreaccessible,we introducea
QA bit flag that canbe usedin conjunctionwith the standard
wind product.In this section,a level bit flag is introducedthat

indicatesthe inferredquality of eachcell in a rev. Wind data
is generallystoredasa swath-shapedarraywith eachelement
representingawvc. A correspondingQA flagarrayis produced
by thequality assurancealgorithm. Theflag is a 4 bit integer
at eachwvc. The following sectionsdescribethe meaningof
eachbit.

8.1 Indi vidual WVC Flag

Thetwo leastsignificantbitsof theQA flag,
� · � � · G � indicatein-

dividuallyflaggedvectors.Bit
· G is setwhenavectoris flagged

usingtheconstantthresholdsin any of theoverlappingregions
(noisyvectorflag). Bit

· � is setwhena vectoris flaggedusing
the variablethresholds(possibleambiguityselectionerror or
ASE cell flag). Recallthevariablethresholdsaresethigherin
nadir andlow wind speedregionsto producea constantfalse
alarmrateover the swath, while the constantthresholdshave
variableperformanceover theswath. Theconstantthresholds
serve asa noisyvectorflag while thevariablethresholdsindi-
catevectorsmore likely to be ambiguityselectionerrors. In
summary, thefirst two bitshave thefollowing meanings:· � � · GV , 1 - Noisyvector: Thecell is flaggedusingconstantthresh-

oldsin at leastoneof theoverlappingregions,indicating
a generallynoisywind vector.

1, V - ASEcell flag: Thecell is flaggedusingvariablethresh-
olds in at leastoneof theoverlappingregions. Multiple
neighboringflaggedcellsmayindicateambiguityselec-
tion errorsin thevicinity.

8.2 RegionWVC Flag

Thetwo mostsignificantbits,
� · 7 � · � � correspondto theregion

flag. Becausethe 8 V 8 regions overlap, the wvc is classi-
fied with the highestclassificationfor any of the overlapping
regions.Theflaggingschemeis:· 7 � · �
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 spatiallyconsistenthaving a low noise
level.

0, 1 - Fair: At leastoneoverlappingregioncontainingthewvc
is flagged“f air.” Theregion contains5-20%of its wvcs
flaggedby theconstantthresholds.Thewind flow is con-
sistent,but somevectorsmaycontainmoderateamounts
of noiseand/orpossibleambiguityselectionerrors.Wind
fieldswith fine scalespatialvariations(e.g. fronts)may
alsobeflagged.

1, 0 - Poor: At leastoneoverlappingregioncontainingthewvc
is flagged“poor.” The region containsmorethan20%
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Figure15: QA bit flag examplecontaininga possibleregion of
ambiguityselectionerror. Missingvectors indicate the posi-
tion of land. Noticethat theQA algorithmflagsthepositionof
inconsistenciesin theestimatedwindflow.

of wvcs flaggedby the constantthresholds.The wind
flow is not consistentdueto ambiguityselectionerrors
high levelsof noise. Nadir regionsandlow wind speed
regions (both of which are noisier) are more likely to
flagged“poor.”

1, 1 - ASEregionflag: At leastoneoverlappingregionisflagged
ascontainingambiguityselectionerrors.Theregionex-
ceeds14%cellsflaggedby thevariablewvc thresholds,
hasanrmswindspeedof above3.5m/s,thermserrorbe-
tweentheobservedandthemodeledwind is morethan
1.8 m/s,andthehistogramof thewind directionsin the
region is multi-modal.Givenall of theseconsiderations,
the region is estimatedto containsubstantialambiguity
selectionerrors.Veryhighnoisecorruptionandraincon-
taminationmayalsocausetheregionto beflagged.

Thealgorithmis performedfor eachrev andprovidesa flag
valuefor eachwvc. Cells without wind estimatesareflagged
with zeros.Notethatisolatedwvcsor isolatedsmallwvcgroups
cannotbeeffectively flaggedandare,by default,flaggedzero.
The QA flag can be viewed as an integer numberfrom 0 to
15 indicating the increasinguncertaintyin the correctnessof
the wind flow at that cell. Figure15 illustratesa region con-
taininganambiguityselectionerrorflaggedby thealgorithm.
Additionalexamplesof theQA bit flagareshown in Figure20.
Notice that the algorithmclearly identifiesinconsistenciesin
the estimatedwind flow. This informationcanbe usedto lo-
cateisolatedregionsof ambiguityselectionerrorsin orderto
correctthem.

9 QUIKSCAT QA RESULTS

In thissection,thequalityassurancealgorithmis appliedto 16
monthsof SeaWindsdataandastatisticalanalysisis performed
of regionsflaggedby thealgorithm.

Table4: Overall resultsof the QA algorithm on a the entire
missionandthetrainingdataset.Also,thepercentof 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 SeaWinds QA Results

Herewe examinethe overall percentof regionsclassifiedac-
cordingto eachof thegeneralclassificationlevels(good,fair,
poor)andthepercentof regionsidentifiedasambiguityselec-
tion errors.Theoverall QA resultsaregivenin Table4 along
with theQA resultsfrom thetrainingset.

The QA algorithmflaggedapproximatelythe samepercent
of ambiguityselectionerrorsasweremanuallyflaggedin the
trainingset(within 1%). Thehigherpercentof estimatedam-
biguity selectionerrorsflaggedby thealgorithmaredueto the
non-zerofalsealarmrate.Fromthisdata,weconcludethatthe
overallambiguityselectionis atleast95%effectivefor all over-
lapping8 V 8 regionswith wind speedsgreaterthan3.5 m/s.
Also, Y 65%of theregionsareclassifiedas“good” indicating
thatmostof thedatahasvery low noiselevel.

The overall resultsof the algorithmon SeaWinds dataare
comparableto the resultsof the QA algorithmdevelopedfor
NSCAT [1]. With NSCAT, 65% of regions are classifiedas
“perfect” or “good,” which is equivalent to the “good” clas-
sificationfor SeaWinds. In addition,18% of NSCAT regions
areclassifiedas“poor.” Also, it is estimatedthat theNSCAT
ambiguityselectionis over 95% effective. Theseresultsare
nearlyidenticalto theresultsdeterminedfor SeaWinds. Thus,
our QA algorithmestimatesthat thequality of SeaWindsdata
is approximatelythesameasthequalityof NSCAT data.

9.2 CrossTrack/RMS Wind SpeedDependence

Whencomparingtheoverallpercentof regionsflaggedas“poor”
to thoseflaggedasambiguityselectionerrors(seeTable4), we
recognizethat thepercentageof regionsflaggedasambiguity
selectionerrorsis significantlysmallerthanthe percentageof
regionsclassifiedas“poor.” To explain this, we examinethe
crosstrackandrmswind speeddependenceof “poor” andASE
regions.Figures16 and17 which show thepercentof regions
classifiedas“poor” andflaggedasambiguityselectionerrors
percrosstrackandrmswind speedbins. As predictedin Sec-
tion 6, themajority of regionsflaggedas“poor” arelow wind
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Figure16: Fractionof all regionsflaggedas“poor” (blueline)
usingconstantthresholdsandflaggedascontainingambiguity
selectionerrors (red line) usingoptimizedvariable thresholds
percrosstrack position.

speedandnadirregions(seeFigures16and17). Sincetheam-
biguity selectionerrorflag is desensitizedto noiseatnadirand
in low wind speedregions,many lessregionsareflaggedas
ambiguityselectionerrorsthanareclassifiedas“poor.”

Examiningthecross-trackdependenceof regionsflaggedas
ambiguity selectionerrors in Figure 16, we seethat the al-
gorithm infers fewer ambiguity selectionerrorsat nadir and
alongswathedgesthanin thesweetspot.To explain this phe-
nomenon,we inspectthenumberof ambiguitiesproducedper
cell for eachcrosstrack position. At nadir andon the swath
edges,moreambiguitiesaregenerallyproducedpercell. The
percentof 1 to 3 ambiguitycasespercrosstrack is compared
to thepercentof 4 ambiguitycasesin Figure18.

Thegeneralshapeof thecurverepresentingthe1 to 3 ambi-
guity casesof Figure18closelymirrorsthepercentof ambigu-
ity selectionerrorspercrosstrackshown in Figure16. At nadir
andon swath edges(wheretherearelessambiguityselection
errors),thereis a higher likelihoodof having four ambiguity
choices. Having moreambiguitiesmay causelessestimated
ambiguity selectionerrorsfor two reasons:First, in regions
of datacorruption(suchas rain contamination),the nudging
algorithmgenerallyhasmoreambiguitychoicesto matchthe
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Figure17: Fractionof all regionsflaggedas“poor” (blueline)
andascontainingambiguityselectionerrors (redline) per rms
windspeed.
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Figure18: Fractionof wvcspercrosstrack containingonly1 to
3 ambiguities(left figure) andfractionof wvcsper crosstrack
containing4 ambiguities(right figure)averagedover 600revs
of SeaWindsdata.

nudgingfield. Second,thepoint-wisemedianfilter hasawider
selectionof possibleambiguitieswhencreatingasmoothsolu-
tion. Thus,thesweetspotactuallygeneratesmoreinconsisten-
cieswhichareflaggedasambiguityselectionerrors.

9.3 Temporal QA Statistics

Next, weexaminetheambiguityselectionasafunctionof time.
Figure19 shows theambiguityselectionerrorsaveragedover
3 daysfor eachpoint. Thepercentageof ambiguityselection
errorsstaysnominallybetween4% and5% for theentiremis-
sion. Thereis a slight seasonalrise in errorsfrom March to
May andadropin errorsfrom May to August.Thismaybeex-
plainedby seasonalvariationsin weatherpatternswhichaffect
theperformanceof theQA algorithm[1].

In order to understandthe seasonalweatherpatternvaria-
tions,we divide theQA datainto latitudebands(seeTable5).
For eachband,theaveragenumberof cyclonic stormspassed
by SeaWindsperday, theaveragepercentageof wvcsflagged
with the JPL rain flag andthe averagepercentageof ambigu-
ity selectionerrorsperdayarecomputedandgivenin Figures
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Figure19: Ambiguityselectionerrorsasa functionof time. The
blueline is thepercentof ambiguityselectionerrors averaged
over3 days.Theredline is a 30daymovingaverage.



Table5: Latitudebands

Band Range
1 �¹¸ ¤ � to � ² ¥ �
2 � ² ¥ � to � � ¥ �
3 � � ¥ � to � ¥ �
4 � ¥ � to ¥ �
5 ¥ � to

� ¥ �
6

� ¥ � to ² ¥ �
7 ² ¥ � to ¸ ¤ �

21,22and23. Fromvisualinspection,theambiguityselection
errorsclosely follow the numberof cyclonic stormsandper-
centof cells flaggedasrain for eachlatitudeband(especially
bands3 and5). This indicatesthatalargepartof theambiguity
selectionerrorscoincidewith stormsandrain.

9.4 QA Bit Flag Results

The resultspresentedthusfar have given the statisticsfor the
QA algorithmon a region-by-regionbasis.However, because
the regionsoverlap, this doesnot fully reflect the actualper-
centageof wvcsflaggedby theQA algorithm. Using the QA
bit flag, we generatestatisticsindicating the percentof cells
flaggedindividually by the algorithm and the percentageof
cellsclassifiedinto eachregionclassification.Theseareshown
in Table6

Table6: Percentof valid individual wvcsflaggedaccording to
several QA bit flag classifications.Thesymbol’ V ’ indicates
a “don’ t care.” Theclassificationshavethe following mean-
ings: A - No Flag: thecell is not excessivelynoisyand is not
estimatedto bean ambiguityselectionerror, B - Flaggedwith
constantthresholds(noisyvector),C - Flagged with variable
thresholds(likely to lie near ambiguityselectionerrors), D -
“Good” regionclassification,E - “F air” regionclassification,
F - “Poor” region classification,G - “Ambiguity selectioner-
ror” region flag, H - Bothregion andcell flaggedasan ambi-
guityselectionerror

Classification Bit Flag Percentº »�¼�½¾»?¿À½¾»�Á�½�»�Â#Ã
wvcs

A noflag
� ¤ � ¤ � ¤ � ¤ � 52%

B noisycell
� V9�¾V9�¾V�� o � 12%

C ASEcell
� V9�¾V9� o �¾V � 6%

D “good” region
� ¤ � ¤ �¾V��¾V � 53%

E “f air” region
� ¤ � o �¾V��¾V � 22%

F “poor” region
� o � ¤ �¾V��¾V � 16.5%

G ASEregion
� o � o �¾V��¾V � 8.5%

H ASEregion&
� o � o � o �¾V � 4.4%

ASEcell

FromTable6, we seethat thedueto theoverlapof regions,
actualpercentageof cells in regionsof ambiguityselectioner-
rors is higherthanthepercentageof regionsflagged(compare
Table6 caseG to Table4). However, the percentageof indi-
vidual cellsflaggedin theregionsof ambiguityselectionerror
areapproximatelyequalto the percentof regionsflaggedby
thealgorithm( Y ¥ ® : Table4, caseH).

10 SUMMARY AND CONCLUSIONS

TheQA algorithmpresentedhereclassifiesSeaWindsdataac-
cordingto thegeneralspatialconsistency of theselectedwind
andidentifiesregionsof possibleambiguityselectionerrors.

This reportshows that by usingvariablewvc thresholdsto
flag poorwind vectorcells, the effectsof nadir andlow wind
speednoiseis suppressedin locatingactualambiguityselection
errors.Usingthesethresholds,thequalityassurancealgorithm
locatesambiguityselectionerrorsin regionsof moderaterms
windspeed(lessthan3.5m/s)with afalsealarmrateof Y o kB¥ ®
anda misseddetectionrateof lessthan3%. Applying theal-
gorithmto theSeaWindsmission,lessthan5%of overlapping
8 V 8 regionsexaminedexhibit ambiguityselectionerrors.

TheQA bit flagdiscussedin thisreportisatool to locatepos-
sibleproblemregionsin SeaWindsdata.High bit flagsgener-
ally indicateambiguityselectionerrors,inconsistentwind flow,
highnoiselevels,or fine-scalewind featuressuchasstormsor
fronts.

Accordingto theQA bit flag,theactualpercentof validwvcs
thatoccupy ambiguityselectionerror regionsareabout8.5%.
However, lessthan5% of cells areflaggedwith both the in-
dividual wvc andregion ambiguityselectionerror flag. The
QA algorithmgenerallyinferslesserrorsatnadirandonswath
edges.Thisisduetoalargersetof ambiguitiesin theseregions.
However, thenoiselevel at nadir is considerablymorethanat
otherareasin theswath.Thereexist aslight temporalvariation
of theQA algorithm’sperformance,but theaveragepercentof
ambiguityselectionerrorsremainsbetween4%and5%for the
entiremission.Thepercentageof ambiguityselectionerrorsis
highlycorrelatedto thenumberof stormspassedperdayby the
instrument.Overall, theambiguityselectionof SeaWindsdata
is generallygood.
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Figure20: A few examplesof theQA bit flag in stormyregionsor regionsof ambiguityselectionerror.
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Figure21: Numberof cyclonicstormspassedperdaybySeaWindsaveragedover threedays(blue)andmovingaveragedover30
days(red)for each latitudeband.
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Figure 22: Fractionof cellsflaggedascontainingrain averagedover threedays(blue)andmoving averagedover 30 days(red)
for each latitudeband.
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Figure 23: Fraction of ambiguityselectionerrors averagedover threedays(blue) andmoving averagedover 30 days(red) for
each latitudeband.


