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Sea Oil Pollution
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Oil spills over the sea sur facepollute the marineenvironmenttoa varying

degreeduringlargeoil tankeraccidentsr

Butthe total oil pollutionworl
released fromshipsthatcleant
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01l Spill Detection fromSARI mages
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Radarcrosssectionmainlyduetoshort
gravity and gravity: capillary waves “++10*

cm~——-accordingtothe Braggscatteringtheor

The presenceo fanoil filmonthgsea sur faceé

dampsthesekindso fwavesredueingthe

measuredbackscatteringenergy— Marangc

theory~——>
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Oil Spill Detection fromSARImage
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However<care fulimageanalysisis
requiredbecausedarkareasmight
alsobe causedby natural -~
phenomena. kv

Atmospheric front

!

Low vind region \
Sl

B <«—Oil spill

(L it
Thesephenomenaarecalled. B, «—0il spili close to a oil Spill

ship

modified by

“look>alikes «—  wind
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Neural Networks have already demonstratedtheir ef fectivenessin
discriminating between ‘real” @i kes’

1chcharacterizethe
selected dark spot <slicks <« in the neural

networkinputvectorr>

® Containinginformationonthdack teringintensit4-ind B~

gradientalongtheborder

® Containingimi formationontheackscatteringintensityvaluas:
thedarkspot and<orinthebackgroundps

® Containingin formationonthegeometryand the shapeof the
darkspot>




l = The Local WindSpeed
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Inthiswork we consideredanadditional featurecontainingin formation
on thelocal wind speed +—— WS~

The wind speed istheresponsibleoftheshortgravityando fthe gravity
capillarywaves so itican stfonglyin fluenceth@appearanceof the ol
slicksinthe SARtmages> —

sWindSpeed calculatedby invertingtheC MO D

odel

ONS < 2-3 m/ s — ence of dark areas
ue only to the lack of wind
-8 m/s< WS < 15 m/s—y natur al sticksiare dispersed
whereas oil-slicks remain still connected
NS > 1 / possibly emulsion between water and oil
215/ s — — oil slick invisible to the SAR
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il Spill Detection Algorithm
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ROI Selection
and
Slick
Extraction
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il Spill Detection Algorithm
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il Spill Detection Algorithm
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il Spill Detection Algorithm
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The Trainingo fthe Neural Network

Starting fromanarchiveo fabout70 ERS>SA Rimagesmainlytaken
over the Mediterraneanbasininthetimeperiodbetweeni1ggband2003

we extracted18gdarkobgects-

= P: Perimeter :
: C: Complexity i
: S Spreading :

: BSd Background Sd.

: OSd: Object Sd.

: ConMe: Mean contrast .
: ConMax: Max contrast === e

= GSd: Gradient Sd.
: GMe: Mean Gradien

t

: GMax: Max Gradient

= "Physical =
= features =

10t spillsand78 fook>alikes>

MLP (Multi Layer Perceptron)
network with topology 12-8-8-1

> 1 = oil spill

. 0= look
alike

2 Y/RMS = 0.22709

Misclassified
Samples = 3/60
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w - The SensitivityAnalysis
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e/mportanceo fcor're@ma
;Correctthreshol%tim

edete@ionutilities>

°/na fullyautomaticéyliti eas
Stgni fz’cantlydecrea‘:@But SSO

importanceo fanautématic

suppdgethattheS/N ratiomaz

cy ac@eptable consideringthe

workautonomouslyan,

continuously @)

()
°/A selectionofthe T@tiﬂﬁ@@ﬁ{ﬁ@@aﬁﬁg@'minawunnecessarym

maisleadinginput s>
—> Sensitivity Analysis —weconsideredtwomethods~—.




aginformaziona

U

(7 Tor Vemgata

The Senszthty Amdyszs = FirstMethodology

Network performance in terms of rmse and of misclassification rate, removing, in turn, one of the input

VIisclassiti

A%

ed samples . |
RMS | over total lf A% (RMS) (m's°"‘(‘:f'f' cat
of 60 -
All 12 inputs 0.22709
A 0.23987 + 5.62% + 30%
P 0.22894 3.2 +0.81% | + 6.666%
Cc | 0.23574 3.4 + 3.81 + 13.33%
S 0.23642 3.1 + 4.1% + 3.33%
Osd | 0.24055 4 + 5.92%
in:,Lts BSd | 0.39811 13 +
withou _C°_;'V'a 0.23416 3.5 +311% | + 16.66%
ConMe | 0.23327 3.5 + 2.72% | _+ 16.66%
GMax | 0.23112 3.8 +1.77% |+ 26.66%
GMe | 0.22906 3.1 +087% | +3.33%
GSd | 0.24406 4 +7.47% | + 33.33%
WS | 0.22765 3.8 +0.24% | + 26.66%

*Decrease of the of the
classification accuracy

= > Ability of the NNs to
constructively use the
different pieces of
information.

4n most cases, the

wor sening does not
exceed the value of 10%
in terms of rmse.

*Most significant
exception is represented
BSd.

°{n general physical
features seem to be more
significant then
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The Extended Pruning Procedure

1~— Fvaluationo ftherelativ@importanceo fconnegtions

2~ Removalo ftheweakestc@nnection

3~—"Theprocedurersprolongdto theinputiayerunffiliiofthe12 initial
imputsareremoved
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l J The Senszthty Analyszs = Second Methodology

Theresultsareingood agreementwiththe firstanalysis.

Pruning Procedure;

Order of Removal "~ |..

a
a .
oy [ B
u .
""sangmpmuuunnn®

ConMax, ConMe, P,
A

C, S, GMax, GMe

BSd featureistheladfoneto be removedduring

heinputunitseliminf@ationprocess>

Cuy
-
2
[
tany
L]
a
4
»,

roncontentbroughtinby wind
speedisimportant>

In~agreement-withthe fact that the general
conditionso fthesea sur facesurroundingtheslicks
a f fectstheactual capabilityof the SAR to detect
theslicks>
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°A new algorithm forthe oil spill detectionwhich consideralso the wind speed
m formationhasbeenre@zedb

¢/ he neuralnetworkcre has
imdependentexamplesbetiveen
N

 scrimanateoveraset o f
1tha largelyacceptable

rateo fsuccess

letely automatichasalso

“The possibilityo f makingthe
Imattero fstudy>

been explored<producingaproto

°A newtechniqueo fsens%rvityana nextendedpruningprocedur
has been carried out together whit a more " classical” one>

Boththe analysispoin@utﬂﬁ@fey Iﬁgmgtioncantento fphysic
parametersseemstobelargerthanthéoneo etr ndshapeparameterst

¢[he designed procedurecan process both ERS and ENVISATimagerybut
theycanbe eastlyadaptedto other formats>



