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Theaboveclassificationmodel (one20x20 km imagette= one label)is then usedover a full
Wide SwathS-1 imageusinglocalclassestimateswith a convolutionapproachto providea
semanticsegmentation.

Multi-class(and multi-label , i.e. one pixel severalclasses)semanticsegmentationis now
feasible with DL, pending startingwith a goodand sufficient training database,and active
learningprocessto enrich it, To this end,annotationtools and adequateframeworkshould
be consolidatedand tuned to our problematic: 1) massive processingneeded to raise
specificissues(for instance,�^�•�����]�����_North of Madagascarshouldbe re-tagged asinternal
waves),2) additionalinformationfrom ancillarymetoceandatamightbe provided, �Y

Theentire S-1 WaveMode archivefrom 2016is beingprocessed. Belowthe occurrenceof each
classasclassifiedby the DLmodelisprovidedon a monthlybasis.

Thisclassifieddatabasecould be usedas input for a systematiccollocationprocesswith SWOT
data. That will 1) help to understand Ka-band near nadir imaging processesfor a given
phenomenon,2) serveduring the Cal/val campaign,and 3) be usedto build a training database
with taggedSWOTimagesservingalsoDLmodel.
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With the upcominglaunchof SWOT,new Ka-bandnear-nadir SARimagewill be produced. Whereasthe legacyof
oceanSARimagingis hugefor L-C- or X-band SARsensorswith intermediate incidenceangle,the interaction of
Ka-band near-nadir EM waves and its associatedSARimage formation lead to some uncertainties on how
metoceanfeatureswill be imagedon SWOTimage. To namea few, atmosphericfronts, oceanfronts, rain cells,
convectivemicrocells,internalwaves,gravitywaves,biologicalslicks,upwellingor wind trails arephenomenathat
will be imagedby SWOT. Thesephenomenacould be a sourceof errors and biasfor SSHproducts. Meanwhile,
they areof potential interest for the scientificcommunities.

In this study, we aim to proposea methodologyto flag and detect these phenomenato 1) maskthem when
generatingL2 oceanproducts(SSH,wind�Y) andthusavoidanyadditionalerrors,2) improveour understandingof
Ka-bandnearnadiroceanSARimagingwhile 3) beingof interest for scientificcommunity.

Thisstudyisbasedon Sentinel-1 C-bandSARimagesfor whichthe 3 aboveobjectivesarestill relevant. Within the
frameof CopernicusS-1 mission,high-resolutionSARimagesareproducedeachday,representinga dailyaverage
of 3.45TBof publisheddata.

1 - Context

2- Deep Learning technics
Classification/segmentation of images and Machine Learning ?  ->  Need for handcrafting features
ML applicable to oceanic SAR images ?
�‡ Intrinsic variability for a given phenomenon
�‡ Depending on metoceanand observation conditions
Deep Learning -> data-based feature extraction + classification 
DL applicable to oceanic SAR images?
�‡Need for training database with annotated/labelled SAR images
���}�u�‰�µ�š�]�v�P���W�}�Á���Œ���~�'�W�h�Y�•���=���&�Œ���u���Á�}�Œ�l�•�����Ç���'�}�}�P�o���l�&���������}�}�l�l�Y���=��Crowdsoucingcapabilities with Internet 
(ImageNet) + Data availability=> Boom of DeepLearning

Challenge classification ILSVRC (ImageNet)
1001 classes, 1M+ images
DeepConvolutionalNeural Network (CNN)

3 �»Classification of Wave Mode S -1 
imagettes
Basedon WaveMode imagettes(20x 20km)
37 000 labelled imagettes with one label per imagette: 10
classes,resampledwith 50m spatialresolution
Fixedclippingfor all databaseandcodedwith 16bits

Openingnew horizonsfor L1 SWOTunderstanding, Cal/val activities,enhancementof L2 data
products (maskwhere non relevant), and scienceswith possibility in fine to systematically
detectoceanfront, internalwaves,biologicalslicks�^�š�Œ�����l���Œ�•of submesoscaleeddies,etc, �Y

Classification/segmentationof Sentinel-1 data can help building collocatedSWOTdatabase
with givenphenomena,andprovideSWOTcommunityreferencesgivenC-bandSARlegacy.

5 �»Conclusion

4 �»Database of classified WM imagettes

Architecture of Inception V3

Pure OceanSwell(POS) Wind Streaks(WS) Micro Convec. Cell(MCC) Low Wind Area (LWA) BiologicalSlicks (BS)

Seaice(SI) Rain Cell(RC) Iceberg (IB) AtmosphericFront (AF) OceanicFront (OF)

Wave Mode acquisitions 
Current observation scenario

Illustration of the 10 selected classes

Occurrence of annotated 
label in the database

Training/cross-validation/ testing: 75/20/5%
Fine-tuned: 97.5 % on crossvalidation(CV), 

97.1%on test set ROC curves using 
independent 10k dataset

Optimal thresholds

4 �»Semantic segmentation of SAR image

Likelihood
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