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1 INTRODUCTION

ThisreportcomparesthecompositeslicewindsfromSeaWinds
onQuikSCAT to thestandardeggL2B productfor asetof test
revs(8070- 9030).Thequalityassurancealgorithmdeveloped
byDraperandLong[3] evaluatestheself-consistency of these-
lectedwind for bothegg andcompositeslicedata.Both noise
level andambiguityselectionareevaluatedandreportedasa
function of crosstrack andrms wind speed. In addition, the
numberof ambiguitiesgeneratedin both setsof dataandthe
ambiguitiesselectedaregiven. It is found that the composite
slicewindsaregenerallynoisierandhave a slightly higherin-
cidenceof ambiguityselectionerror. The largestdifferences
betweentheeggandslicedataoccurin thenadirandfar-swath
regionswherethe slice winds tend to be muchnoisier. This
reportgivesa brief descriptionthequalityassurancealgorithm
followedby a statisticalanalysisof theeggversusslicewinds.

2 SEAWINDS QUALITY ASSURANCE

Amongtheproblemsevident in scatterometerretrievedwinds
arenoiseandambiguityselectionerrors. Thenoiselevel in a
windvectorestimateis influencedby environmentalfactors,in-
strumentgeometryandtheestimationprocess[4]. Ambiguity
selectionerrorsarea functionof theambiguityselectionpro-
cessandcanbe influencedby the presenceof noise,rain, or
otherfactors.Both noisyareasandambiguityselectionerrors
canbeidentifiedby evaluatingtheself-consistency of selected
wind fields[1].

The quality assurance(QA) algorithm developedfor Sea-
WindsonQuikSCAT evaluatestheself-consistency of ambiguity-
selectedwind flow by comparingtheobservedwind to a low-
orderwind field modelfit [2]. Thewind modelis data-derived
usinga Karhunen-Lòeve approach[1]. The 8 � 8 wvc wind
field modelis appliedonaregion-by-regionbasiswith regions
overlappingby 50%in bothalongtrackandcrosstrackdirec-
tions. A wind vectorcell (wvcs)exhibiting a largedirectional
or vectordeviationfrom themodelfit is flaggedas

� Noisy, if thewvcexceedsdirectionalorvectorthresholds
thatareconstantwith cross-track.

� A possibleambiguityselectionerror (ASE) cell, if the
wvcexceedsdirectionalorvectorthresholdsthatarevari-
ablewith cross-trackandrmswind speed,optimizedto
flag wvcswith constantperformance[2].

Each8 � 8 region is next ratedaccordingto the number
of “noisy” cells flagged. This generalclassificationidentifies
clustersof noisywvcs.Regionsareclassifiedas“good,” “f air”
or “poor” accordingto the numberof noisy cells flaggedper
region. A goodrating(lessthan5%cellsflagged)representsa
low overall noiselevel andconsistentwind flow. A fair rating
(between5% and20%cellsflagged)indicatesmoderatenoise
level or high-frequency content,anda poor rating (morethan
20%cellsflagged)indicatessignificantnoiseor ambiguityse-
lectionerrorsevidencedby inconsistentwind flow [3].

An additionalASE region flag is givenwhich identifiesthe
region asa possibleambiguityselectionerror if all of the fol-
lowing criteriaaremet:

� Over14%of wvcsareflaggedasASEcells.

� Theregionrmserroris greaterthan1.8m/s.

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

� Thermswind speedof theregionis above3.5m/s.Most
low wind speedregionsaretoonoisyto accuratelyassess
theambiguityselection.

Thesecriteria have beendeterminedby an analysisof false
alarmsversusmisseddetectionsonasubjectivelyreviewedtrain-
ing datasetusingeggwinds[3]. We donotbelieve thatthere-
sultswouldbesignificantlydifferentif slicewindswereused.

3 QA RESULTS

TheSeaWindsqualityassurancealgorithmisperformedonboth
eggandcompositeslicedatasets.Overall,thepercentageof re-
gionsratedasgood,fair andpoor, andidentifiedasambiguity
selectionerrorsis givenin Table1.

Table 1: Overall Resultsof theQAalgorithmonSeaWindsEgg
andCompositeSlicedata.

RegionFlag Egg Slice
Good 65% 60%
Fair 20% 23%
Poor 15% 17%

Ambiguity
Selection 4.7% 5.5%

Error
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The
�

QA algorithmperformedontheslicedataresultsin less
“good” regionsandmore“f air” and“poor” regions.This indi-
catesthat theoverall noiselevel is higherin theslicedata. In
addition,thepercentof regionsflaggedasambiguityselection
errorsarehigher.

3.1 Cross Track

Becauseof instrumentgeometry, theambiguityselectionper-
formanceandnoiselevel varieswith crosstrack. By compar-
ing thecompositeslicewindsto theeggwinds,wefind thatthe
noiselevel (shown by thepercentof “poor” regionsin Figure
1b)is somewhathigheratnadirandonswathedgesfor theslice
data.Theambiguityselectionerrorsareequallyhigherfor each
crosstrackposition(Figure1a). Thepercentageof individual
cellsflaggedfollowsasimilar trendastheregionswith alarger
differenceat nadir andon the swath edgesfor “Noisy” Cells
(Seefigure2).
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Figure 1: (a) Percentage of ambiguityselectionerror regions
and (b) percentage of “poor” regions for slice and egg data
setspercrosstrack position.

0 20 40 60
0

5

10

15

20

25

30

Cross Track Position

P
er

ce
nt

 o
f w

vc
s 

F
la

gg
ed

a.

ASE wvcs

slice
egg

0 20 40 60
Cross Track Position

b.

"Noisy" wvcs

Figure 2: (a) Percentageof cellsflaggedasambiguityselection
errors and (b) percentage of “noisy” cells for slice and egg
datasetspercrosstrack position.The“spikes” alongthecross
track are artifactsof theQAalgorithm.
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Figure 3: (a) Percentage of ambiguityselectionerror regions
and (b) percentage of “poor” regions for slice and egg data
setsper regionrmswindspeed.

3.2 RMS Wind Speed

Theperformanceof theQuikSCAT windsalsovarieswith wind
speed. Figure3 demonstratesthat for low to moderatewind
speeds,theambiguityselectionerrorsareonly slightly higher
for theslicedata.However, higherwind speedregionsgener-
ally containmoreambiguityselectionerrors.Thepercentageof
“poor” or noisyregionsalsoincreaseswith RMSwind speed.
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Figure 4: Percentage of wvcswith (a) 1 , (b) 2 , (c) 3 , or (d) 4
ambiguitiesgeneratedplottedpercrosstrack position.
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Figure 5: Percentage of wvcswith the (a) first, (b) second,(c)
third , or (d) fourthambiguitiesselectedplottedpercrosstrack
position.

3.3 Ambiguities Generated and Selected

Theself-consistency of thewind canbeaffectedby thenumber
of ambiguitiesgeneratedandtheambiguitiesselectedperwind
vectorcell (seeFigure4). Theegg datahasmore4 ambiguity
casesandless2 ambiguitycasesontheedgesof theswaththan
theslicedata(compareFigure4b to 4d). Having lessambigu-
ities to choosefrom mayresultin moreinconsistencieson the
swathedges.

Additionally, we explore the ambiguitiesselectedpercross
track position(seeFigure5). It is evident that on the swath
edges,morefirst andsecondambiguitiesarechosenin theslice
datasetthanin theeggdataset.Whereastheinstrumentskill is
poorontheswathedges,morefirst andsecond“incorrect” am-
biguitiesselectedcangenerategreaterinconsistentwind flow.

4 SUMMARY

Overall,thecompositeslicedatasetis noisierthanthestandard
egg dataset. Generally, the slice nadir andfar-swath regions
aremorenoisythanthecorrespondingregionsin theeggdata.
Inconsistentflow in the far-swathregion maybeexplainedby
the fact thatmore“incorrect” first andsecondambiguitiesare
selectedin the far-swath for the slice datathanthe egg data.
Higherwind speedslicedataalsotendsto containmorenoise
andambiguityselectionerrorsthanmoderatewind speeddata.
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