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A fully automatedmethodto detectandsegmenta
manufacturedobject in an underwatercolor image

ChristianBarat,andRonaldPhlypoMemberIEEE

Abstract—In this work we proposea fully automated active
contours basedmethod for the detectionand the segmentationof
a mooredmanufacturedobject in an underwater image.Detection
of objects in underwater images is difficult due to the variable
lighting conditions and shadows on the object. The proposed
technique is based on the information contained in the color
maps and uses the visual attention method, combined with a
statistical approachfor the detectionand an activecontour for the
segmentationof the object to overcomethe aboveproblems.In the
classicalactive contour method the regiondescriptor is fixed and
the convergenceof the method dependson the initialization. With
our approach, this dependenceis overcomewith an initialization
using the visual attention resultsand a criteria to selectthe best
region descriptor. This approach impr oves the convergenceand
the processingtime while providing the advantages of a fully
automated method.

Index Terms—Image Processing,Detection,Segmentation,Ac-
tive contour, Visual Attention.

I . INTRODUCTION

T HE objective of this work is to presenta methodwhich
detectsand segmentsmanufacturedobjects(particularly

underwater mines)in underwater video images.Actually, the
underwater video is increasinglyused as a complementary
sensor to the sonar especially for detection of objects or
animals,see[1] [2] [3] [4]. However, the underwater images
presentsomeparticular difficulties including natural and ar-
tificial illumination, color alteration,light attenuation[5] and
marinesnow. The methodmust tackle theseproblemsand is
developedundertwo constraints:no humanintervention, low
processingtime. For segmentingan object in an image,we
first needto detectthe presenceof the object.The methodis
composedof two main steps:

1) Objectdetection.
2) Objectsegmentationif an object is detected.

For detectingor tracking object in underwater images,
generally, a pre-processingstep is applied to enhance

the images.For example, in [6], a homomorphicfiltering is
usedto correcttheillumination,waveletdenoising,anisotropic
filtering to improve the segmentation,adjustmentof image
intensity, and some other processing.A self-tuning image
restorationfilter is applied in [7], but the illumination is
consideredto be uniform, which is a restrictive hypothesis.
In [4] theconstantbackgroundfeaturesareestimatedfor each
frameby computingthesliding averageover thetenpreceding
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frames,andtheaverageis subtractedfrom theframe.This pre-
processingcannotbe applied in our imagesdue to the large
sizeof our objectsandtheslow movementof theobjectin the
image,becausethe averagewill containthe object.Also, we
want to detectanobjectin only oneimage.Themainproblem
encounteredin our imagesis the shadow, a problemwich is
not discussedin previousworks.We proposeto usethevisual
attentionapproach[2] [8] with somemodifications.Oncethe
saliency map is extracted(using visual the attentionmethod)
weapplyaLinearDiscriminantAnalysis(LDA) [9] to estimate
theprobabilityof objectpresence.For thesecondstep,we use
active contour. Sincethe work of Kassandal. [10], extensive
researchon snakes (active contours)has beendeveloped to
segmentimages.The early approaches[10], [11] minimized
an energy function to move the active contour toward the
object’s edges.In [12], region information hasbeenusedto
overcomesomeproblemsinherent to the edgeapproach.In
this paperwe put forward a region basedsnake method in
the Minimum Description Length (MDL) framework. This
approachis adaptedto ourproblemof segmentationof uniform
color objects. Since we require low processingtimes, we
use explicit snake (polygonal). Implicit approach(level set)
needsmore computationaltime even with the fast marching
method[13]. The problemencounteredin the classicalsnake
method is the dependenceon the contour initialization. We
proposeto usethevisualattentionbasedmethodto find there-
gionof interestto segmentin theimage(thereis generallyonly
one manufacturedobject to be found in underwater images).
Moreover, in the classicalregion-basedsnake approach,the
region descriptoris fixed for the whole video sequence,while
in this paperwe proposeto selectthe best region descriptor
adaptedto each image. The idea is to use the information
extractedwith thevisualattentionto select,basedonakurtosis
criterion,theregiondescriptorfor eachimageto segment.This
approachreducesthe shadow effect during the segmentation
step.Themethodsarepresentedin SectionII, our approachis
developedin SectionsII-D and II-E. Experimentalresultson
real imagesare reportedin SectionIII-B .

I I . METHODS

The generalmethodfor image segmentationis composed
of six steps,the first threestepscorrespondingto the object
detectionand the last threecorrespondingto the object seg-
mentation:

1) Extractionof a saliency mapusingvisual attention.
2) Detectionof the mostsalientpart of the map.
3) Classificationin class’object’ or ’no object’.
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Fig. 1. Visual attentionmethod.

4) Selectionof a region descriptor.
5) Initialization of thesnake on themostsalientpartof the

map.
6) Segmentationof the imageby the snake.

In what follows we supply the details for eachof the above
sub-parts.

A. Visual Attention

The method we adapt is basedon the work of Itti and
Koch [8]. Low-level vision features(orientation,brightness,
color channelstunedto red,green,blue andyellow hues) are
extractedfrom theoriginal color imageat severalspatialscales
(dependingon the imagesize).Thedifferentspatialscalesare
obtainedthroughthe useof a dyadicGaussianpyramid.Then
we combinethe differentmaps,after a normalizationstep,to
obtain a saliency map.The final stepis the determinationof
the most salient part of the image using a Winner Take All
(WTA) neuralnetwork; seeFigure1.
The initial image is a color image (r=red,b=blue,g=green
channels),from whichwecanextracttheintensityimageusing
the following equation:����������	
����
����
and four color channelsarecreated:����������	�����
����� ��	���� ������
����!"�#�$��� 	��%�&
����'(�������%	)
�������* �+�,	-*.�����/�10
OneGaussianpyramid

�)�324

is estimatedfrom intensityimage

I, where
2�5�6 780 0 9;:

is thescale.Four Gaussianpyramids
���324


,� �324

,

!��324

, and

'��324

arecreatedfrom thesecolor channels.

From
�

, four orientation-selective pyramids < �32>=�?@

are also

createdusing Gaborfiltering at
?A�

0, 45, 90, and 135 deg.
Featuremaps for each pyramid are calculatedusing center
surroundoperationasdifference(pixel by pixel) betweenfine

scale
2CBA�ED1�F=G�F=GHJI

andcoarsescale
2LKM�ED;2CB��/D.�8=NHFI4I

.OP�32CK�=�2CB&
$��* �Q�32CKR
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(1)V �32LK�=�2LBF=�?W
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YS < �32CBF=�?@
3*�0
(2)

where
S

is the center surround operation.For the center
surroundoperationthe differencebetweenmapsat different
scaleis obtainedby interpolationat finer scalefollowed by a
pixel by pixel subtraction.For color channels,thefeaturemaps
arecalculatedfor Green/RedandBlue/Yellow opponency.Z\[$�32CK�=�2CB&
$��* �3����2LK]
-� � �32CKR
N
TSA� � �32CB&
-�����32CB&
G
G*

(3)^`_ ��2LK�=�2CB&
$�E*��3!��32LK]
-�/'���2LK]
N
YSa�3'��32CB&
-�/!��32CB&
N
3*�0
(4)

Forty four features maps are finally obtained, 6 for the
intensity, 12 for the color and 24 for orientation.Then, we
calculatetheconspicuitymaps(

V ��24
3= OP�324
�= Zb[$�324
3= ^`_ �324

) by

linearcombinationof thefeaturemapsatscale
2+��H

, followed
by a normalizationbetween0 and1. Comparedto theclassical
approach,the normalizationrelatedto the maximumof each
featuremapis not appliedhere;see[8]. This normalisationis
not neededsinceour subsequentprocessingstep is invariant
to scale;seeSectionII-E. Finally, we calculatetheconspicuity
color map c and the saliency map d :

c ��24
X�fe� Zb[X��24
)� ^g_ �324

(5)

d ��24
X� e� V �324
)� OP�324
)� c ��24
 0
(6)

B. Detectionof the mostsalientpart

In this step we select only the most salient pixel of the
saliency map.The WTA neuralnetwork is not usedsincewe
have only oneobject to detect:h$iM��j4kNlgm�j;noqpsr tLu d oqp�r tLu ��2W
 0

(7)

C. Classification

A classicLinear Discriminant Analysis (LDA) is usedto
classifytheareaaroundthemaximumdetectedin theprevious
step(SectionII-B), as ’object’(1) or ’not object’ (0). As this
is a supervisedapproachthe parametersof the model are
estimatedusing referencevideos. An object is considered
detectedif:��v,wM�/v�x�
zy|{}�~e� v yx v/x$�/v yw v%w ��� � h$xh&w 0

(8)

where
h-������7F= e is the prior probability for classes0 and1,vb�

the vector of expectedfeaturesvaluesand
{

the feature
vector.

D. Initialization by Visual Attention

The idea is to usethe saliency map to initialize the active
contour. Generally, in our application,theunderwaterimageis
composedof only oneobjectin a darkandnoisy background.
Thevisualattentionschemeis well adaptedto theseparticular
imageswherea single region of interestis contrastedwith a
background.We proposeto useonly the most salientpart of
the imageto initialize the positionof the active contour.
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E. Adaptiveregion descriptorfor Activecontour

Usually the choiceof the region descriptordependson the
applicationandis fixed a priori . In this work, we introducea
data-driven region descriptor. The information to choosethe
descriptorwill be deducedfrom the saliency map. Oncewe
have detectedthe most salient part, we can select the most
informativeconspicuitymap.Sincewearedealingwith illumi-
natedobjectssuperposedonadarkbackground,aninformative
mapwouldmeanthatthepixelsareeasyclassifiableinto either
a classobjector background(non-object).In otherwords,the
probability densityfunction of the pixel valueswould ideally
beunimodalwith a modeat thebackgroundvalue(

����7
) and

the object constitutingthe distribution tail (
��� e ), whereas

a non-informative pixel map would result in a more uniform
distribution of its pixel values.A well adaptedcriterion to
differentiatean informative from a non-informative pixel map
is the entropy of the pixel map,which is undersomegeneral
assumptionsrelatedto the more easily calculablenormalized
kurtosisof a map � [14], [15]. The pixel map of choice �M�
is:

� � ��j4kNlXm�j4n�
� � � � ��=���
-�,� � 
T�

�3��DW� � ����=��Q
-�,� � 
Y�@
GIW
 � 0
(9)

where
� � �E��D � � ��=���
GI

, � � ��=3�Q

is the pixel intensity for a

pixel belongingto theconspicuitymap � 5 Og= V = Zb[�= ^g_
.

In [16] the one map is found that contributes most to the
activity at the most salient location

���)�g=����P

looking back

at the conspicuity maps. Examining the feature maps that
gave rise to the conspicuity map �g�]� with � 5�DL��= � = < I
leads to the one that contributes most to its activity at the
winning location.Thewinning featuremapis segmentedusing
region growing and adaptive thresholding.In Section III-D ,
we comparethis approachwith our approachand show the
improvement.

F. Activecontour

A parametricsnake is acurve � �3�>
X��6 �X���;
3=��Q�3�;
T:�=��U5�6 78= e : ,
which minimizesan energy functional

��6 � ���;
Y:��#��� �;�16 � �3�;
Y:J����  p �L6 � ���;
Y:z0
(10)

by moving throughthe spatialdomainof an image.The total
energy consistsof two energies: internal

��� �;�
and external�`  p �

. The internalenergy preserves the smoothnessandcon-
tinuity. The external energy is derived from the information
in the image

�
. A typical energy function for a snake using

imagegradientsis [11]:

��6 � �3�;
T:��
¡ oq¢�u

e� ��£�* � ¢ * � �%¤¥* � ¢3¢ * � 
-�/¦ §¨M��©�§¨|� ªW�R0
(11)

where � ¢ � «�X���;
3=�«�����;

, � ¢G¢ � ¬�X���;
3=�¬�����;


and
£�=�¤�=�¦

are
positive coefficients.For a snake usingthe region information
in the imagebasedon Minimum DescriptionLength (MDL)

we have [12]:

��6 � =�D;£ � I.:­� ®�°¯`x
� � ±G²�³ ª@�

(12)

� ´ µ4lMh � oqp�r tLu�¶ ����=��Q
$5\��� *·£-� ��¦
where

���
is the segmentedregion

�
,

�
is the code length

for unit arc length, ¸ is the numberof regions and
£-�

the
parametersof the distribution describingthe region

�
.

¦
is

the codelength neededto describethe distribution and code
systemfor region

���
. The external force is processedusing

a window ¹ oqp�r tLu of º pixels aroundthe control point. Then
the equationis:

»½¼ ¾Q¿�À�Á�Â�Ã�ÄÆÅ ÇÂ�È&É Ê Ë Ì3Í ³�Î�Ï (13)

Ð Í ³�ÑÒ ÓPÔqÕ Ö ×zØ
Ù Ú1Û�Ü ÝRÞ ß;à á1âzã Á�Â Î�ä;Î�å�Î.æ>Î�ç�è+é ê

If weassumethateachpixel
� ��=3�Q


hasamultiplicativemixture
distribution we obtain:��6 � =�D;£-�GI.:­� � ¡ ª@�

(14)

� ² ®�°¯�x�ë � oqì8r íCu ´ µ4l½h � oqì8r íLu *·£�� ª�î�ª�ï
��¦ ¸ =
where

� �Eð ®�·¯`x1ñ �P�G=
(15)

ë � oqì8r íCu � � �-ò ¹ oqì8r íCu
º =

®�°¯`xsë � oqì8r íCu � e 0
The motion equationfor point §ï%������=��Q


is:ª §ïª�ó �E� ñ ��6 � =�D;£-�GI.:
ñ §ï 0

(16)

Using equation(12):ª §ïª.ó �
�4ô>õ ÔTö÷ Ø

� � �½ø � oYùíCu §� � oTùíCu �b´ µ;lMh���� oTùíCu *·£ � 
 §� � oYùíLu (17)

where ú oTùíCu ��D � * §ï lies on ��� I
, ø � oYùíLu is the curvature, §� � oTùíCu

is the unit normal to ��� at point §ï .
As the objectsof interestaresimplemanufacturedobjects,

we proposeto adda constrainton thesnake form. This allows
a smoothsegmentationof the image.The constrainedform is
ellipsoidal.Relatedworks in litteraturealreadyproposeto add
to the energy a penaltyfunction increasingwith the distance
of the curve to an ellipse [17], [18]. We proposeto estimate
directly theellipseparametersandnot thecontrolpointsof the
curve asin [19], but allowing for a rotationof theellipseasin
[18]. Using the parametricexpressionof ellipsesas function
of

?
we have :

� �3�R=�ó]
$� ���3?4=�ó]
���3?;=�ó]

� �)KR� ó]
)��ûs��ó]
3ü.ý>�$��?@
�ü.ý;���3þ)��ó]
N
��/����ó]
��N���¥��?@
��N���¥��þQ��ó]
G
��KR� ó]
)��ûs��ó]
3ü.ý>�$��?@
��N���A�3þQ� ó]
N
)������ó]
3�N���A�3?@
�ü.ý>�$��þQ��ó]
G
 (18)
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where
���)K]��ó]
3=���K]��ó]
N


is theellipsecenter,
û

and
�

thehalf length
of the ellipseaxes,and

þ)��ó]

the anglebetweenthe x-axis and

themajoraxisof theellipse.As weaddaconstraintof form we
caneliminaterespectively the internalenergy andthe internal
force in the equations(10) and (16). Then the equation(16)
becomes: ª §ïª�ó � ÿ pÿ �ÿ tÿ �

� �������
Õ
��� ¡ r 	�
 ³���

� p�������

Õ
��� ¡ r 	�
 ³���

� t (19)

Then,we expresstheevolution of theellipseparametersif we
consideradiscretizedcurve � to bean

v
-tuple

� §ï&x.= §ï � =�0 0·0 = §ï ® 

of points:

� p ö÷ ³ ��´·µ4lMh���� o.ùí ³ u *·£ � 
�� §� ùí ³ = §�\�
(20)� t ö÷ ³ ��´ µ;lMh���� o.ùí ³ u *·£ � 
�� §� ùí ³ = §� �

ª.�)K�� ó]
ª�ó � � p��
¸ ®�°¯`x � p ö÷ ³ (21)

ª���K���ó]
ª�ó � � t��
¸ ®�°¯`x � t ö÷ ³

Î��������Î�� Å���� ÇÂ�È&É"!$# Ï%��&�'á ³ � !(# Ï��*)+���$�,��-/.
ö÷ ³ è+Ï10324��)5�����,��-+6 ö÷ ³ (22)

Î�75�����Î8� Å9��: ÇÂ È&É Ï;0324��&�'á ³ � Ð Ï10<2+��)5�����,��-4. ö÷ ³ è !$# Ï%��)5�����,��-+6
ö÷ ³

� p�� , � t�� , �>= and �>? arecoefficientsof ponderationcontrolling
the speed of the active contour. The rotation around the
centreof the ellipse can be found by calculatingthe angular
momentumfor a solid object as with Newton’s secondlaw.
For an object with a momentof inertia @ on which a torqueA is exercised,we have:

@
ª � þª�ó � � A =

(23)ª@þª�ó � A
@

0 B�ó
(24)

Since for an ellipse with uniform density and mass
v

the
momentof inertia is

@ �#v"�3û � ��� � 
3��H8=
and the torquein any point §ï canbe calculatedas

A �E� ùí 0C�+D ö÷ =
we obtain ªWþª�ó � � ùí 03�+D ö÷x� v �3û � ��� � 
 B�ó�0
with

�+D ö÷ �E� t ö÷ ü.ý;�>�3? ùí ��þ)
-�F� p ö÷ �G� �`�3? ùí ��þ)
3=
(25)� ùí � ��û8��ó]
�ü�ý>�;��? ùí 
N
 � �/�3����ó]
��N�����3? ùí 
N
 � =

where
�+D ö÷ is the force at the point §ï normal to R. We can

generalisefor forcesappliedalong the contourª@þ)��ó]
ª.ó � ��G¸ ®�·¯`x
� ùí ³ 03�+D ö÷ ³û8��ó]
 � ����� ó]
 � 0

(26)

where �>G is a coefficient controlling the speedof evolution of
the contourincluding the constants

B�ó
and

�H .

I I I . RESULTS

In this section,we presentfirst somecriterion of perfor-
manceandthenwe show the resultsobtainedon real images.

A. Criterion

The criterion expressesthe segmentationquality:

�JILK1K ÿ � ü.û��8ª�D8MM� � ò M K Iü.û��Fª�DNM K I (27)

� B =8O ¢  U� ü.û��Fª�D8M½��� ò M ? Iü.û��Fª@D8M ? I 0
where

MM� �
is the internalregion of thesnake,

M K theregion of
the object to detect,

M ? the backgroundregion and
ü.û��Fªs�PM�


definesthe cardinality (the numberof elementsin set
M

).

B. Illustration of the methodon real image

The methodhasbeentestedon real imagesof underwater
mines1.Sincewe have only a partialknowledgeon therecord-
ing conditions,thenwe cannotuseillumination modelor any a
priori informationto restoreimages.The first resultpresented
is a mine in seawater environmentwith low visibility, some
acquisition noise and compressionnois;, see Figure 2. We
selectthe bestconpiscuitymap, Figure 3, using the kurtosis
criterion(9). Figure4 shows thehistogramsfor theconspicuity
mapsand the calculatedkurtosis.The maximumkurtosisfor
this image is obtainedfor the Blue/Yellow map. Once the
maximum on the saliency map is detectedwe initialize an
active contour on this position; see Figure 5. Then after
convergenceof the snake we obtain the segmentationof the
object displayedFigures6 and 7. For this image we obtain�QILK;K ÿ ��7F0 R5S

and � B =8O ¢   � e 75T � .

C. Resultson different images

In this section,we presentthe segmentationresultson a set
of underwater images.The imageshave beenrecordedwith
different conditionsof depth, illumination, noise,acquisition
system,camera,etc.

The method is robust to the acquisitionconditions.Even
under bad lighting conditions, the mine is detected,for an
examplewithout enoughlight, seeFigure11.Anexamplewith
artificial light is shown Figure9 andanotherwith naturallight
Figure 12. The misclassificationresultsare very low, from 0
to 2% seeFigures8 and10, andat minimum we detectmore
than25% of the object,seeFigure14.

1The information contained in this publication are using ac-rov data
recordedat Lanvéoc(France)by theGESMA (Grouped’EtudesSous-Marines
de l’Atlantique)



ADVANCES IN SIGNAL PROCESSINGFOR MARITIME APPLICATIONS, VOL. 0, NO. 0, JULY 2009 5

Fig. 2. Initial image.
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Fig. 3. Conspicuitymaps.
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Fig. 4. The histogramsandthe estimatedkurtosisfor the conspicuitymaps.
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Fig. 5. Maximum detected: greencrossand the initial snake in red. The
image is presentedat initial scale(Ï Å�U

) after up samplingoperationon
Blue/Yellow conpicuitymap.
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Fig. 6. Segmentationusing the conspicuitymap.

D. Comparisonwith other methods

In this section we compareour method with two other
alternative approaches:the approachproposedby [6], also
developed for the sameimagesand the approachproposed
by [16] using the maximum of activity to selectthe feature
map,seeSectionII-E.

1) First Method: The imageis correctedusingthe follow-
ing Pre-processingandthesegmentationis appliedusingRGB
features.
V Removing aliasingeffect dueto digital conversionof the

images.V Converting color spacefrom RGB to YCbCr.V Correctionof non-uniformillumination usinghomomor-
phic filtering.V Wavelet denoising.V Anisotropicfiltering to improve imagesegmentation.
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Fig. 7. Segmentationpresentedon the real image. In red the obtained
segmentation,in blue the groundtrue.The blue squareis the areaof interest
which canbe usedfor the recognitionstep.

Fig. 8. Segmentationof a mine in basinwithout water. W�X;Y$Y(Z Å[U ê \N] andWQ^ �1_*`�a Å[U ê U
Ë

.

V Adjusting imageintensity.V Converting from YCbCr to RGB.V Equalizingcolor mean.

We obtain similar results with the method proposedin [6]
for objectswithout shadows; seeFigures8, 15. However, our
methodis morerobust to shadow; seefor exampleFigure16,
andcomparewith Figure7. For someimagesthesegmentation
using active contour cannot converge as the contours are
blurred and the contrastis low betweenthe object and the
background.Using the conspicuitymap we can reducethis
effect.

2) SecondMethod: We implementthemethodto selectthe
featuremap basedon the maximum activity and use active
contoursegmentation.As in the previous approach,we obtain
very similar resultsfor objectswith an uniform illumination

Fig. 9. Segmentationof a mine in basin. W�XLY(Y$Z Å�U ê bN] and WQ^ �1_*`�a Å
Ñ U�ced .

Fig. 10. Segmentationof a circular mine in basin. W�XLY(Y$Z ÅfU ê ]8g andWQ^ �1_*`�a Å[U
.

and no shadows. But, as illustrated in Figures 17 and 18
comparedto the results presentedin figures 6 and 7, this
method focuseson the illuminated part of the object. The
criteria to select the map is local comparedto our criteria
[Eq. (9)] and the selectionwill thus focuson detail.

E. Results obtained during the evaluation of the project
TOPVISION

The resultsnext were obtainedby our methodappliedon
test videos for the project TOPVISION 2 [20]. Remarkthat
thesevideoswere never usedduring the developmentof the
method,The project is composedof 4 steps:
V Objectdetection.

2OPerationalTrials of UnderWater Videos for Identification of Harmfull
Article



ADVANCES IN SIGNAL PROCESSINGFOR MARITIME APPLICATIONS, VOL. 0, NO. 0, JULY 2009 7

Fig. 11. Segmentationof a mine in basin. W�X;Y$Y$Z ÅhU ê ]8i and WJ^ �1_*`�a ÅhU
.

Fig. 12. Segmentationof amineatsea.W�X;Y$Y(Z ÅhU ê ]8] andWQ^ �1_*`�a Å[U@¿3U8U i .

V Positionfinding.V Caracterisation.V Identification.

For the detectionstep , we only try to detectif an object is
presentin the image.We usethe outputof the LDA classifier
for the detection step; see Section II-C. For the Position
finding, the position is correct if we are inside the object.
We are using the maximumof the saliency map as position;
SectionII-D. Only the two first stepshave beenevaluatedon
11 videos (

�
20000 images),and we have obtained64.77%

of good object detection (and 2.82% of false alarms) and
85.28%of positonfinding. The methodpresentedin [6] have
been testedon the sameimagesfor the detectionstep and
obtains56.55%of good object detectionand 0.79% of false
alarms.The resultsaremorerobust in term of falsealarmbut
the percentageof detectionis inferior. The methodusesthe
detectionof geometricformsto determinetheobjectpresence.

Fig. 13. Segmentationof a mine at sea. W�XLY$Y(Z ÅjU ê i�k and WJ^ �;_*`�a Å
k.ê Ñ U�ced .

Fig. 14. Segmentationof a mine at sea.W�X;Y$Y(Z Å[U ê
Ë
i and WQ^ �1_*`�a Å[U

.

This needsmorecomputationthanour methodbecause,after
the preprocessingstep(seeSectionIII-D ) it extractslines and
circles.

F. Limits of the method

Themethodprovidessatisfactoryresultsin numerouscases,
but whenthe object is of the samecolor thanthe background
it presentssomelimitation illustratedFigure19. It is difficult
for themethodto find theobject.To obtainthis resultwe have
removed the ellipsoidalconstraint.

IV. CONCLUSION

In this paperwe have presenteda fully automatedmethod
to detect and segment manufacturedobjects in underwater
image. The method usestwo well known approacheswith
some original adaptations:the visual attention scheme,and
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Fig. 15. Segmentationof a mineat seawith Pre-Processingandsegmentation
usingRGB information. W�X;Y$Y(Z Å[U ê i d and WQ^ �1_*`�a Å[U

.

Fig. 16. Segmentationof a mineat seawith Pre-Processingandsegmentation
usingRGB information. W�X;Y$Y(Z Å[U ê

Ë
and WQ^ �1_*`�a Å[U

.

theactive contours.We have describedthesuccessive stepsof
the methodand presentedsomeresultson real images.The
methodpresentsgood performanceeven with noisy images
andis robust to differentacquisitionconditions(illumination,
camerasettings,shadow,etc...).Thelimitationsof theapproach
have alsobeenevoked. Essentiallyto ensuregoodresultsthe
objectto segmentmustbe uniform andsufficiently contrasted
respectto thebackground.For the future,we aredevelopinga
methodto tracktheseobjectsin videobasedon theconspicuity
map and particle filtering. Currently, we can track the object
usingtheestimatedsnake in thepreviousframeasinitialization
in the actualframe.
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