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1 INTRODUCTION

Thisreportcompareshecompositeslicewindsfrom SeaWhds
on QuikSCAT to thestandardegg L2B productfor a setof test
revs (8070- 9030). Thequality assurancalgorithmdeveloped
by DraperandLong[3] evaluategheself-consistengof these-
lectedwind for both egg andcompositeslice data. Both noise
level andambiguity selectionare evaluatedand reportedas a
function of crosstrack and rms wind speed. In addition, the
numberof ambiguitiesgeneratedn both setsof dataandthe
ambiguitiesselectedaregiven. It is found thatthe composite
slicewindsaregenerallynoisierandhave a slightly higherin-
cidenceof ambiguity selectionerror  The largestdifferences
betweertheeggandslicedataoccurin the nadirandfar-swath
regionswherethe slice winds tendto be much noisier This
reportgivesa brief descriptiornthe quality assurancalgorithm
followedby a statisticalanalysisof the egg versusslicewinds.

2 SEAWINDSQUALITY ASSURANCE

Amongthe problemsevidentin scatterometeretrieved winds
arenoiseandambiguity selectionerrors. The noiselevel in a
wind vectorestimates influencedy ernvironmentafactorsjn-
strumentgeometryandthe estimationprocesg4]. Ambiguity
selectionerrorsare a function of the ambiguity selectionpro-
cessand canbe influencedby the presencef noise,rain, or
otherfactors.Both noisy areasandambiguityselectionerrors
canbeidentifiedby evaluatingthe self-consistengof selected
wind fields[1].

The quality assuranc€QA) algorithm developedfor Sea-

3
WindsonQuikSCAI evaluategheself-consistencof ambiguity-

selectedvind flow by comparingthe obsernedwind to a low-
orderwind field modelfit [2]. Thewind modelis data-denred
usinga Karhunen-L@we approacH1]. The8 x 8 wvc wind
field modelis appliedon aregion-by-regionbasiswith regions
overlappingby 50%in both alongtrackandcrosstrack direc-
tions. A wind vectorcell (wvcs) exhibiting a large directional
or vectordeviationfrom the modelfit is flaggedas

¢ Noisy, if thewvc exceeddlirectionalor vectorthresholds
thatareconstantwvith cross-track.

¢ A possibleambiguity selectionerror (ASE) cell, if the
wvc exceeddglirectionalor vectorthresholdshatarevari-
ablewith cross-trackandrmswind speed pptimizedto
flag wvcswith constanperformancg2].

Each8 x 8 region is next ratedaccordingto the number
of “noisy” cellsflagged. This generalclassificationidentifies
clustersof noisywvcs. Regionsareclassifiedas“good, “fair”
or “poor” accordingto the numberof noisy cells flaggedper
region. A goodrating (lessthan5% cellsflagged)representa
low overall noiselevel andconsistentvind flow. A fair rating
(betweerb% and20% cells flagged)indicatesmoderatenoise
level or high-frequeng content,anda poor rating (morethan
20% cellsflagged)indicatessignificantnoiseor ambiguityse-
lectionerrorsevidencedby inconsistentvind flow [3].

An additionalASE region flag is given which identifiesthe
region asa possibleambiguityselectionerrorif all of the fol-
lowing criteriaaremet:

e Over14%of wvcsareflaggedasASE cells.
e Theregionrmserroris greatetthan1.8m/s.

e A histogramof wvc directionsin the region is multi-
modal,indicatingmorethanonemajorflow.

e Thermswind speedf theregionis above 3.5m/s. Most
low wind speedegionsaretoonoisyto accuratelyassess
theambiguityselection.

Thesecriteria have beendeterminedby an analysisof false
alarmsversugnisseddetection®nasubjectvely reviewedtrain-
ing datasetusingegg winds[3]. We do notbelieve thatthere-
sultswould be significantlydifferentif slicewindswereused.

QA RESULTS

TheSeaWhdsqualityassurancalgorithmis performednboth
eggandcompositeslicedatasets.Overall, thepercentagef re-
gionsratedasgood,fair andpoor, andidentifiedasambiguity
selectiorerrorsis givenin Tablel.

Table 1: Ovenall Resultofthe QA algorithmon SeaVihds Egg
and CompositeSlicedata.

Region Flag Egg Slice
Good 65% 60%
Fair 20% 23%
Poor 15% 17%
Ambiguity
Selection 4.7% 5.5%
Error




The QA algorithmperformedontheslicedataresultsin less
“good” regionsandmore“fair” and“poor” regions. This indi-
catesthatthe overall noiselevel is higherin the slice data. In
addition,the percentof regionsflaggedasambiguityselection
errorsarehigher

3.1 CrossTrack

Becauseof instrumentgeometry the ambiguity selectionper
formanceandnoiselevel varieswith crosstrack. By compar
ing thecompositeslicewindsto theegg winds,we find thatthe
noiselevel (shavn by the percentof “poor” regionsin Figure
1b)is somavhathigheratnadirandonswathedgedor theslice
data.Theambiguityselectiorerrorsareequallyhigherfor each
crosstrack position(Figurela). The percentag®f individual
cellsflaggedfollows asimilartrendastheregionswith alarger
differenceat nadir and on the swath edgesfor “Noisy” Cells
(Seefigure2).

w
o

— slice
— — egg

N
a1

N
o

=
o

al

Percent of 8 x 8 Regions Flagged
[
6]

ASE Regions
0 20 40 60 0 20 40 60

"Poor" Regions

o

Cross Track Position Cross Track Position

Figure 1: (a) Percentaye of ambiguityselectionerror regions
and (b) percentaye of “poor” regionsfor slice and egg data
setsper crosstradk position.
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Figure2: (a) Percentaye of cellsflaggedasambiguityselection

errors and (b) percentaye of “noisy” cells for slice and egg
datasetspercrosstradk position. The“spikes” alongthecross
track are artifactsof the QA algorithm.
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Figure 3; (a) Percentaye of ambiguityselectionerror regions
and (b) percentaye of “poor” regionsfor slice and egg data
setsperregion rmswind speed.

3.2 RMSWind Speed

Theperformancef theQuikSCA windsalsovarieswith wind
speed. Figure 3 demonstratethat for low to moderatewind
speedsthe ambiguityselectionerrorsare only slightly higher
for the slice data. However, higherwind speedregionsgener
ally containmoreambiguityselectiorerrors.Thepercentagef
“poor” or noisyregionsalsoincreasesvith RMS wind speed.
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Figure4: Percentage of wveswith (a) 1, (b) 2, (¢c) 3, 0or (d) 4
ambiguitieggenelatedplottedper crosstrack position.
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Figure 5. Percentaye of wvcswith the (a) first, (b) secondc)
third, or (d) fourthambiguitiesselecteglottedper crosstrack
position.

3.3 Ambiguities Generated and Selected

Theself-consistengof thewind canbeaffectedby thenumber
of ambiguitiegyenerate@dndtheambiguitiesselectegerwind
vectorcell (seeFigure4). The egg datahasmore4 ambiguity
casesandless2 ambiguitycaseontheedgeof theswaththan
theslice data(compareFigure4b to 4d). Having lessambigu-
ities to choosefrom may resultin moreinconsistenciesn the
swathedges.

Additionally, we explore the ambiguitiesselectedper cross
track position (seeFigure5). It is evidentthat on the swath
edgesmorefirstandsecondambiguitiesarechoserin theslice
datasetthanin theeggdataset. Whereasheinstrumenskill is
poorontheswathedgesmorefirstandsecondincorrect” am-
biguitiesselectedcangenerategreaterinconsistentvind flow.

4 SUMMARY

Overall,thecompositeslicedatasetis noisierthanthestandard
egg dataset. Generally the slice nadir andfar-swath regions
aremorenoisythanthe correspondingegionsin the egg data.
Inconsistenflow in the farswath region may be explainedby

thefactthatmore“incorrect” first and secondambiguitiesare
selectedn the farswath for the slice datathanthe egg data.
Higherwind speedslice dataalsotendsto containmorenoise
andambiguityselectiorerrorsthanmoderatevind speedata.
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