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A fully automatednethodto detectand segmenta
manufcturedobjectin an undervater color image

ChristianBarat,and Ronald Phlypo MemberlEEE

Abstract—In this work we proposea fully automated active
contours basedmethod for the detectionand the segmentationof
amoored manufactured objectin an underwater image.Detection
of objects in underwater imagesis difficult due to the variable
lighting conditions and shadavs on the object. The proposed
technique is based on the information contained in the color
maps and usesthe visual attention method, combined with a
statistical approachfor the detectionand an active contour for the
segmentationof the object to overcomethe above problems.In the
classicalactive contour method the region descriptor is fixed and
the corvergenceof the method dependson the initialization. With
our approach, this dependencds overcomewith an initialization
using the visual attention resultsand a criteria to selectthe best
region descriptor. This approach improvesthe corvergenceand
the processingtime while providing the advantagesof a fully
automated method.

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

I. INTRODUCTION

HE objectie of this work is to presenta methodwhich

detectsand sggmentsmanufcturedobjects(particularly
undervater mines)in undervater video images.Actually, the
undervater video is increasingly used as a complementary
sensorto the sonar especially for detection of objects or
animals,see[1] [2] [3] [4]. However, the undervaterimages
presentsome particular difficulties including natural and ar
tificial illumination, color alteration,light attenuation5] and
marinesnav. The methodmusttackle theseproblemsandis
developedundertwo constraintsno humanintervention, low
processingtime. For segmentingan objectin an image, we
first needto detectthe presenceof the object. The methodis
composedf two main steps:

1) Objectdetection.
2) Objectsegmentationif an objectis detected.

For detectingor tracking objectin undervater 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 restrictve hypothesis.
In [4] the constantackgroundieaturesare estimatedor each
frameby computingthe sliding averageover theten preceding
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frames,andthe averageis subtractedrom theframe.This pre-
processingcannotbe appliedin our imagesdue to the large
size of our objectsandthe slow movementof the objectin the
image,becausdhe averagewill containthe object. Also, we
wantto detectan objectin only oneimage.The main problem
encounteredn our imagesis the shadev, a problemwich is

not discussedn previous works. We proposeto usethe visual
attentionapproach2] [8] with somemaodifications.Oncethe
salieny mapis extracted(using visual the attentionmethod)
we applyaLinearDiscriminantAnalysis(LDA) [9] to estimate
the probability of objectpresenceFor the secondstep,we use
active contour Sincethe work of Kassandal. [10], extensie
researchon snales (active contours)has beendevelopedto

segmentimages.The early approaches[10], [11] minimized
an enepgy function to move the active contour toward the
objects edges.In [12], region information hasbeenusedto

overcomesome problemsinherentto the edgeapproach.in

this paperwe put forward a region basedsnale methodin

the Minimum Description Length (MDL) framework. This
approachs adaptedo our problemof sggmentatiorof uniform

color objects. Since we require low processingtimes, we
use explicit snale (polygonal). Implicit approach(level set)
needsmore computationaltime even with the fast marching
method[13]. The problemencounteredn the classicalsnale
methodis the dependencen the contour initialization. We
proposeto usethe visual attentionbasedmethodto find there-
gionof interestto segmentin theimage(thereis generallyonly

one manufcturedobjectto be found in undervaterimages).
Moreover, in the classicalregion-basedsnale approach,the
region descriptoris fixed for the whole video sequencewhile

in this paperwe proposeto selectthe bestregion descriptor
adaptedto eachimage. The idea is to use the information
extractedwith thevisualattentionto selectbasedn a kurtosis
criterion, theregion descriptorfor eachimageto sggment.This
approachreducesthe shadev effect during the seggmentation
step.The methodsarepresentedn Sectionll, our approachs

developedin Sectionsll-D andll-E. Experimentalresultson

real imagesare reportedin Sectionlll-B.

Il. METHODS

The generalmethodfor image segmentationis composed
of six steps,the first three stepscorrespondingo the object
detectionand the last three correspondingo the object seg-
mentation:

1) Extractionof a salieny map usingvisual attention.
2) Detectionof the mostsalientpart of the map.
3) Classificationin class’object’ or 'no object’.



ADVANCES IN SIGNAL PROCESSINGFOR MARITIME APPLICATIONS, VOL. 0, NO. 0, JULY 2009 2

Input image __— =

|
Linear filtering

_— intensity __—orientations

_— P

_— colors
—

-

( Center-surround differences and normalization )

—— = Feature maps B
‘?I' (24 maps) :?I
( Across-scale combinations and normalization )

— Conspicuity — maps 5

- —
= I

o
— —

(12maps) (6 maps))"'—zi

[ Linear combinations ]

1
Y Saliency map _— I —
Winner-take-all Inhibition
of return

Attended location

Fig. 1. Visual attentionmethod.

4) Selectionof a region descriptor

5) Initialization of the snale on the mostsalientpart of the
map.

6) Segmentationof the imageby the snale.

In what follows we supply the detailsfor eachof the abose
sub-parts.

A. Visual Attention

The method we adaptis basedon the work of Itti and
Koch [8]. Low-level vision features(orientation, brightness,
color channelgunedto red, green,blue andyellow hues) are
extractedfrom the original colorimageat several spatialscales
(dependingon theimagesize). The differentspatialscalesare
obtainedthroughthe useof a dyadic Gaussiarpyramid. Then
we combinethe differentmaps,after a normalizationstep,to
obtain a salieng map. The final stepis the determinationof
the most salient part of the image using a Winner Take All
(WTA) neuralnetwork; seeFigure 1.

scalegy = {2, 3,4} andcoarsescaleq. = {qs + {3,4}}.

Z(ges ar) = 1(qc)O1(gy)| )

where © is the center surround operation. For the center
surroundoperationthe differencebetweenmapsat different
scaleis obtainedby interpolationat finer scalefollowed by a
pixel by pixel subtractionFor color channelsthefeaturemaps
are calculatedfor Green/Redand Blue/Yellow opponeny.

RG(deqr) = [(R(qe) — Gl4e))O(Gar) — R(gr))l  (3)
By(Qm Qf) = |(B(QC) - Y(Qc))e(y(qf) - B(Qf))‘ . (4)

Forty four features maps are finally obtained, 6 for the
intensity 12 for the color and 24 for orientation. Then, we
calculatethe conspicuitymaps(O(q), Z(q), RG(q), BY(q)) by
linearcombinationof the featuremapsat scaleq = 4, followed
by a normalizationbetweerD and1. Comparedo theclassical
approachthe normalizationrelatedto the maximumof each
featuremapis not appliedhere;see[8]. This normalisationis
not neededsince our subsequenprocessingstepis invariant
to scale;seeSectionll-E. Finally, we calculatethe conspicuity
color mapC andthe salieny map S:

®)
(6)

Clg) = % (RG(q) + BY(q))

)
S(a) = 5 (Ola) + (o) +Cla)) -

B. Detectionof the mostsalient part

In this step we selectonly the most salient pixel of the
salieny map. The WTA neuralnetwork is not usedsincewe
have only one objectto detect:

P. = argmax {S(,,,)(0)} - ™

(z

C. Classification

A classicLinear Discriminant Analysis (LDA) is usedto
classifythe areaaroundthe maximumdetectedn the previous
step(Sectionll-B), as’object’(1) or 'not object’ (0). As this
is a supervisedapproachthe parametersof the model are
estimatedusing referencevideos. An object is considered

The initial image is a color image (r=red,b=blue,g=green detectedf:

channels)from which we canextracttheintensityimageusing
the following equation:

I=(r+g+0b)/3

andfour color channelsare created:

R=r—(9+0)/2

G=g—(r+b)/2

B=b—(g+r)/2

Y=(r+g)/2|r—gl/2-b.

OneGaussiarpyramid I(q) is estimatedrom intensityimage
I, whereq € [0..8] is the scale.Four GaussiarpyramidsR(q),

G(q), B(q), andY (q) arecreatedfrom thesecolor channels.
From I, four orientation-selectie pyramids O(q,0) are also
createdusing Gaborfiltering at & = 0, 45, 90, and 135 deg.

Featuremapsfor each pyramid are calculatedusing center
surroundoperationas difference(pixel by pixel) betweenfine

Py
In— . (8
> nPO (8)
where P; ¢ = 0, 1 is the prior probability for classe and 1,
M; the vector of expectedfeaturesvaluesand X the feature
vector

1
(Mo — M) X + 3 (MM, — MT M)

D. Initialization by Visual Attention

Theideais to usethe salieny map to initialize the active
contour Generallyin our application the undervaterimageis
composedf only oneobjectin a dark andnoisy background.
The visual attentionschemeds well adaptedo theseparticular
imageswherea single region of interestis contrastedwith a
backgroundWe proposeto useonly the most salientpart of
the imageto initialize the position of the active contour
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E. Adaptiveregion descriptorfor Active contour

Usually the choiceof the region descriptordependson the
applicationandis fixed a priori. In this work, we introducea
data-drven region descriptor The informationto choosethe
descriptorwill be deducedfrom the saliengy map. Oncewe
have detectedthe most salient part, we can selectthe most
informative conspicuitymap.Sincewe aredealingwith illumi-
natedobjectssuperposedn adarkbackgroundaninformative
mapwould meanthatthe pixelsareeasyclassifiablento either
a classobjector backgroundnon-object).In otherwords,the
probability densityfunction of the pixel valueswould ideally
be unimodalwith a modeat the backgroundsalue (I ~ 0) and
the object constitutingthe distribution tail (I ~ 1), whereas
a non-informatve pixel map would resultin a more uniform
distribution of its pixel values.A well adaptedcriterion to
differentiatean informative from a non-informatve pixel map
is the entropy of the pixel map,which is undersomegeneral
assumptionselatedto the more easily calculablenormalized
kurtosisof a map C [14], [15]. The pixel map of choice C*
is:

E{(Cla,y) - no)*}
(E{(Cla.y) — ne))})’

whereuc = E{C(z,y)}, C(x,y) is the pixel intensity for a
pixel belongingto the conspicuitymapC € {Z, 0, RG, BY}.
In [16] the one map is found that contritutes most to the
actiity at the most salient location (z,,,y.,) looking back
at the conspicuity maps. Examining the feature maps that
gave rise to the conspicuitymap Cj,, with & € {I,C,0}
leadsto the one that contritutes most to its actvity at the
winning location. Thewinningfeaturemapis sggmentedusing
region growing and adaptve thresholding.In Sectionlll-D,
we comparethis approachwith our approachand shov the
improvement.

©)

C* = argmax
c

F. Active contour

A parametricsnaleis acuneI'(s) = [z(s), y(s)], s € [0,1],
which minimizesan enegy functional

E[T(s)] = Eine[T(5)] + Fear[T(s)] (10)

by moving throughthe spatialdomainof animage.The total

enegy consistsof two enegies: internal £;,; and external

E..:. Theinternalenegy preseresthe smoothnessnd con-

tinuity. The external enegy is derived from the information

in theimage I. A typical enegy function for a snale using
imagegradientsis [11]:

Bee) = § {Gainf+ o) - a[9r- 91l as

I(s)

(11)
wherel'y = (i(s),y(s)), Iy = (x(s),y(s)) anda, 3, \ are
positive coeficients. For a snale usingthe region information
in the image basedon Minimum DescriptionLength (MDL)

we have [12]:

Bl {}] = (12)

Y fu
2{2/ s

— logP({](m,y) (z,y) € Ri} ‘O‘i) +)‘}

where R; is the sggmentedregion ¢, y is the code Ien%th
for unit arc length, NV is the numberof regions and «; the
parametersof the distribution describingthe region i. A is
the codelength neededio describethe distribution and code
systemfor region R;. The external force is processedising
awindow W, ., of m pixels aroundthe control point. Then

the equationis:
N
Z {ﬁ / ds
. 2

i=1 SR,
1
// —/ / logP<I(u1v)|ai)dudvdwdy+)\}.
Rim

Wiw,y)

BT, {a;}] (13)

If we assumehateachpixel (z, y) hasamultiplicative mixture
distribution we obtain:

B )] = o ds (14)
T
. N
_ / / Zﬂ-i(u,v) IOgP<I(u,L) \ai>dudv + )\N,
SOIR G
where
I = U, 0R;, (15)
i(u,v) — m )
N
Zﬂ—i(u,v) =1
i=1
The motion equationfor point 7 = (x,y) is:
dv OE[L, {a;}]
_— = 16
dt ov (16)
Using equation(12):
dv I . -
i > {—§Hk(5)nk(a) + log P(I(a)\oék)nk(ﬁ)} (17)

kEQ (7
whereQ ) = {k|v' lieson 'y}, ki) is the cunature, iy )
is the unit normalto I';, at point 7.

As the objectsof interestare simple manufcturedobjects,
we proposeto adda constrainton the snale form. This allows
a smoothsegmentationof the image.The constrainedorm is
ellipsoidal. Relatedworksin litteraturealreadyproposeto add
to the enegy a penaltyfunction increasingwith the distance
of the curve to an ellipse[17], [18]. We proposeto estimate
directly the ellipseparameterandnot the control pointsof the
curve asin [19], but allowing for a rotationof the ellipseasin
[18]. Using the parametricexpressionof ellipsesas function

of 6 we have :
x(0,1)
T (s,t) = ( v (0.1) )

— b(t)sin (0) sin (¢(t))
£) + a(t)cos (8) sin (6(t)) + b(t)sin (6) cos ($(t)) ) (18)



ADVANCES IN SIGNAL PROCESSINGFOR MARITIME APPLICATIONS, VOL. 0, NO. 0, JULY 2009 4

where(z.(t), y.(t)) is theellipsecenter a andb thehalf length
of the ellipseaxes,and ¢(t) the anglebetweenthe x-axis and
themajoraxisof theellipse.As we adda constrainiof form we
caneliminaterespectiely the internalenegy andthe internal
force in the equations(10) and (16). Thenthe equation(16)
becomes:

z _ 9Bex [l {ai}]

; ) = ( _ 0Bedfa}] )

t dy

dv dz
= (1 (9

Then,we expressthe evolution of the ellipseparametersf we

considerdiscretizeccurne I" to bean M -tuple (v, v3, ..., VN)
of points:
‘Tvz logP( (vy) | k) <’F* T > (20)
Fy,. =log P(I(;)lak) < iy, § >
N
dx. (t) .
= Fy.
- ; (21)
N
dye (t) _
F,
dt ; Yo
da (1) 5
a a
. —NZ 5(0;) (cos(6() P, + sin(¢(D)Fy,,)  (22)

—sin ¢(t))Fz: -+ COS(¢(t))Fyv )

szn(le

<9
&fl
2‘0-
H z .

kx,. ky,. ko andk, arecoeficientsof ponderatiorcontrolling
the speedof the actve 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 objectwith a momentof inertia J on which a torque
T is exercised,we have:

d2

9 - 23
do T

N 24
dt 7 (24)

Since for an ellipse with uniform density and massM the
momentof inertiais

J = M(a®+b%)/4,

andthe torquein ary point v can be calculatedas

T = RC'-FLW
we obtain p R
¢ AL
with

F\, = F,.cos(05+ ¢) — F sin(0y + @),

V(a(t)cos(85))* + (b(2)sin(6s))’,

(25)

Ry =

where F'| . is the force at the point ¢ normalto R. We can
generalisdor forcesapplied alongthe contour

Rh Fb

whereky is a coeficient controlling the speedof evolution of
the contourincluding the constantsAt¢ and %

tk¢

P (26)

I1l. RESULTS

In this section,we presentfirst some criterion of perfor
manceandthenwe shov the resultsobtainedon realimages.

A. Criterion
The criterion expresseghe segmentationquality:
card{Q, NN}

Cloood = 27
good card{§,} 27)
c _card{Qy N}
false = card{Qp}

where();, is theinternalregion of the snale, 2, the region of
the objectto detect,(2;, the backgroundregion and card(f2)
definesthe cardinality (the numberof elementsn set(?).

B. lllustration of the methodon real image

The methodhasbeentestedon real imagesof undervater
mines!.Sincewe have only a partialknowledgeon therecord-
ing conditions thenwe cannotuseillumination modelor ary a
priori informationto restoreimages.Thefirst resultpresented
is a mine in seavater ervironmentwith low visibility, some
acquisition noise and compressionnois;, see Figure 2. We
selectthe bestconpiscuitymap, Figure 3, using the kurtosis
criterion (9). Figure4 shavs the histogramdor the conspicuity
mapsand the calculatedkurtosis. The maximumKkurtosisfor
this image is obtainedfor the Blue/Yellow map. Once the
maximum on the salieny map is detectedwe initialize an
active contour on this position; see Figure 5. Then after
convergenceof the snale we obtain the sggmentationof the
object displayedFigures6 and 7. For this image we obtain
Cgood = 0.67 and Cfalse =10"%.

C. Resultson differentimages

In this section,we presenthe segmentatiorresultson a set
of undervater images.The imageshave beenrecordedwith
different conditionsof depth,illumination, noise,acquisition
system,cameragetc.

The methodis robust to the acquisition conditions. Even
under bad lighting conditions, the mine is detected,for an
examplewithout enoughlight, seeFigure 11.An examplewith
artificial light is shavn Figure9 andanothemwith naturallight
Figure 12. The misclassificatiorresultsare very low, from 0
to 2% seeFigures8 and 10, and at minimum we detectmore
than 25% of the object,seeFigure 14.

1The information containedin this publication are using ac-rov data
recordedat Larvéoc(France)dby the GESMA (Grouped’'EtudesSous-Marines
de I'Atlantique)
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Fig. 2. Initial image. Fig. 5. Maximum detected: greencrossand the initial snale in red. The
imageis presentedat initial scale(s = 0) after up samplingoperationon

Red/green Blue/Yellow Blue/Yellow conpicuity map.

Intensity

10 20 30
Fig. 3. Conspicuitymaps. 100 200 300 400 500 600
Red/green kurtosis =0.83595 Blue/Yellow kurtosis =2.8484 Fig. 6. Segmentationusing the conspicuitymap.
200 300

250
200 D. Comparisonwith other methods

150 In this section we compareour method with two other
100 alternatve approachesthe approachproposedby [6], also
50 developedfor the sameimagesand the approachproposed
by [16] using the maximum of actiity to selectthe feature
map, seeSectionll-E.
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Intensity kurtosis =0.88692 Gabor kurtosis =-0.50542 1) First Method: The imageis correctedusingthe follow-
20 120 ing Pre-processingndthe segmentatioris appliedusingRGB
200 100 features.
150 ® « Remuwing aliasingeffect dueto digital corversionof the
100 %0 images.

40 « Corverting color spacefrom RGB to YCbCr.
%0 20 « Correctionof non-uniformillumination usinghomomos
00 0.2 0.4 0.6 0.8 1 00 0.2 0.4 0.6 0.8 1 phlc fllterlng

« Wavelet denoising.
Fig. 4. The histogramsandthe estimatedkurtosisfor the conspicuitymaps. « Anisotropicfiltering to improve image segmentation.
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Bi-85-84

MASTER 16:61:58

Fig. 7. Segmentationpresentedon the real image. In red the obtained
segmentation,jn blue the groundtrue. The blue squareis the areaof interest
which canbe usedfor the recognitionstep.

14/Nov/2006 15:11:18

Fig. 8. Segmentationof a mine in basinwithout water Cy,0q = 0.96 and
Clarse = 0.02.

« Adjustingimageintensity
« Converting from YCbCr to RGB.
« Equalizingcolor mean.

We obtain similar results with the method proposedin [6]

for objectswithout shadevs; seeFigures8, 15. However, our
methodis morerobustto shadaev; seefor exampleFigure 16,
andcomparewith Figure7. For someimagesthe segmentation
using active contour cannot corverge as the contours are
blurred and the contrastis low betweenthe object and the
background.Using the conspicuitymap we can reducethis
effect.

2) SecondMethod: We implementthe methodto selectthe
feature map basedon the maximum actvity and use active
contoursggmentation As in the previous approachwe obtain
very similar resultsfor objectswith an uniform illumination

Fig. 9.
10~ 3.

Seggmentationof a mine in basin. Cyo0q = 0.86 and Cygaise =

24/Nov/2006 09:51:34

Fig. 10. Segmentationof a circular mine in basin. Cy,,q = 0.64 and
Cfalse =0.

and no shadavs. 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 selectthe map is local comparedto our criteria
[Eqg. (9)] andthe selectionwill thusfocuson detail.

E. Results obtained during the evaluation of the project
TOPVISION

The resultsnext were obtainedby our methodapplied on
test videos for the project TOPVISION 2 [20]. Remarkthat
thesevideoswere never usedduring the developmentof the
method,The projectis composedf 4 steps:

« Objectdetection.

20PerationalTrials of UnderWater Videos for Identification of Harmfull
Article
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24/Novs2006 09:55:08

Fig. 11. Segmentationof a minein basin.Cy,,q = 0.65 andCtq;5e = 0.

il778cp/2007 08:65:40

Fig.12. Sementatiorof amineatseaCy,0q4 = 0.66 andC g5 = 0, 005.

« Positionfinding.
« Caracterisation.
« ldentification.

For the detectionstep, we only try to detectif an objectis
presentin theimage.We usethe outputof the LDA classifier
for the detection step; see Section II-C. For the Position
finding, the position is correctif we are inside the object.
We are using the maximumof the salieny map as position;
Sectionll-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%o0f positonfinding. The methodpresentedn [6] have
beentestedon the sameimagesfor the detectionstep and
obtains56.55% of good object detectionand 0.79% of false
alarms.The resultsare morerobustin term of falsealarmbut
the percentageof detectionis inferior. The methodusesthe

detectionof geometricformsto determinethe objectpresence.

§9/8e002007 1058508

Fig. 13.
710~ 3.

Segmentationof a mine at sea.Cyooq = 0.57 and Crqaise =

081401

Fig. 14. Segmentationof a mine at sea.Cy,0q = 0.25 and Cfqyse = 0.

This needsmore computationthan our methodbecauseafter
the preprocessingtep(seeSectionlll-D) it extractslines and
circles.

F. Limits of the method

The methodprovidessatishctoryresultsin numerouscases,
but whenthe objectis of the samecolor thanthe background
it presentssomelimitation illustratedFigure 19. It is difficult
for the methodto find the object. To obtainthis resultwe have
removed the ellipsoidal constraint.

IV. CONCLUSION

In this paperwe have presenteda fully automatednethod
to detectand segment manufctured objectsin undervater
image. The method usestwo well knovn approacheswith
some original adaptationsthe visual attention scheme,and
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Fig. 15. Segymentatiorof amine atseawith Pre-Processingndsegmentation
using RGB information.Cy50q4 = 0.53 andCyg415e = 0.

ROLL PITCH

—1 i

4 Bl

Fig. 17. Segmentatiorof a mine usingthe featuremapselectedby maximum
activity. Cyooq = 0.26 andC'q15e = 0.003.

Fig. 16. Seggmentatiorof a mine atseawith Pre-Processingndsegmentation
using RGB information. Cy0q4 = 0.2 and Cy45e = 0.

the active contours We have describedhe successie stepsof
the method and presentedsomeresultson real images.The
method presentsgood performanceeven with noisy images
andis rohust to differentacquisitionconditions(illumination,
camerasettingsshadav,etc...).Thelimitations of theapproach
have also beenevoked. Essentiallyto ensuregood resultsthe
objectto sggmentmustbe uniform and sufiiciently contrasted
respecto the backgroundFor the future, we aredevelopinga
methodto tracktheseobjectsin videobasecdbn the conspicuity
map and particle filtering. Currently we can track the object
usingtheestimatedsnale in the previousframeasinitialization
in the actualframe.
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