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ABSTRACT

Thedetectionofunderwaterobjectsinavideoisachallengingproblemparticularlywhenboththe
cameraandtheobjectsareinmotion.Inthisarticle,thisproblemhasbeenconceivedasanincomplete
dataproblemandhencetheproblemisformulatedinexpectationmaximization(EM)framework.In
theE-step,theframelabelsarethemaximumaposterior(MAP)estimates,whichareobtainedusing
simulatedannealing(SA)andtheiteratedconditionalmode(ICM)algorithm.IntheM-step,thecamera
modelparameters,bothintrinsicandextrinsic,areestimated.Incaseofparameterestimation,the
featuresareextractedatcoarseandfinescale.Inordertocontinuouslydetecttheobjectindifferent
videoframes,EMalgorithmisrepeatedforeachframe.Theperformanceoftheproposedscheme
hasbeencomparedwithotheralgorithmsandtheproposedalgorithmisfoundtooutperform.

KEywORDS
EM algorithm, Feature Extraction, Iterated Conditional Mode, MAP Estimation, Model Camera Calibration, 
Multi-Resolution framework, Simulated annealing, Spatio Temporal Markov Random Field Model

1. INTRODUCTION

Theproblemofunderwatervideoobjectdetectionhasreceivedconsiderableattentionduringlast
decadesandappreciableprogresshasbeenmadeinthisdirection(Emberton,Chittka,&Cavallaro,
2018;Hossain,Alam,Ali,&Amin,2016;Mohapatra,Mahapatra,Mahapatra,&Swain,2015;Walther,
Edgington,&Koch,2004).Theunderwatermovingobjectsuffersfromlimitedrangeofvisibility,
lowcontrast,non-uniformlighting,blurring,brightartefacts,colourdiminishedandnoise(Ancuti,
Ancuti,Haber,&Bekaert,2012;Embertonetal.,2018;Zhangetal.,2017).Anautomatedsystem
fordetectionandtrackingofunderwatermovingobjectshasbeendeveloped,whichofinteresttothe
oceanographicresearchers((Mohapatraetal.,2015).Variablelightingconditionandthepresence
ofnoisefromhighcontrastdebrisposechallengeforobjectdetectionandtracking.Waltheretal.
(Waltheretal.,2004)haveproposedanovelmethodtoovercometheaboveissues.Negreaetal.
(Negrea,Thompson,Juhnke,Fryer,&Loge,2014)havepresentedanadaptivebackgroundsubtraction
algorithmfordetectionandmotionpredictionwhichisusedfortracking.Designofthisfullyautomated
systemremovestheframeswithoutanyactivityandhencethereiscostreductionforfishmonitoring.

Thisproblemofunderwaterobjectdetectioncanbeoftwotypes.Infirstcase,theobjectmoves
whilethecameraisstatic,andinsecondcase,boththeobjectandcameraareinmotion.Ofteninreal
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worldscenario,thesecondcaseismoreprevalentandchallengingthanthefirstone.Thisisvalid
inareal-worldscenario,whereneitherthecameramodelparametersnortheobjectisknown,this
motivatedustoaddresstheissueinthisresearchwork.

Inthispaper,wehaveattemptedtodetecttheunderwatervideoobjectsundervaryingillumination
condition. The problem is formulated as an incomplete data problem and the Expectation and
Maximization(EM)approachhasbeenadoptedtosolvetheproblem.Ourmaincontributionsare:
(i)threenewSpatioTemporalMRFmodelsforclassificationofpixellabelsintheEstep,(ii)new
featuresbasedmodelparameterestimationusingpipeliningapproachintheMstep,(iii)acontinuous
Underwater video object detection scheme using EM framework, and (iv) the EM algorithm in
Multiresolutionframework.Intheproposedframework,noaprioriknowledgeofthecameramodel
parametersisnecessary.InE-stepoftheEMalgorithm,thevideoobjectissegmentedbasedonthe
videoframemodel.TheproblemofframelabelestimationisformulatedasaMaximumaposterior
(MAP) estimation problem and these MAP estimates are obtained by an algorithm which is a
combinationofSimulatedAnnealing(SA)and theIteratedConditionalModel (ICM)algorithm.
Subsequently,inM-step,theestimatedframelabelsareusedtoestimatetheintrinsicandextrinsic
parametersofthecameramodel.Theproposedfeaturesareextractedfromthelabelledframesand
weightedappropriatelybeforebeingfedtothepipeline.Theseweightedcornerfeaturesareusedto
estimatethecameraintrinsicandextrinsicparametersusingthe2Doptimizationmethod(Zhou,Cui,
Peng,&Wang,2012).EstepandMsteparerepeatedtocontinuouslydetectthevideoobjectswiththe
movingcamera.Thecameracalibrationerrorshavebeencomputedandtheestimatedparametersare
chosenbasedontheminimumcalibrationerror.Thesegmentationaccuracyhasbeenvalidatedbyfour
quantitativemeasures.Theadvantageoftheproposedmultiresolutionframeworkisthattheexecution
timesubstantiallyreducedascomparedtoconsideringthefinescaleimages.Theperformanceofthe
proposedalgorithmhasbeencomparedwiththeStolkin’sE-MRFalgorithm(Liu,Dai,Wang,Zheng,
&Zheng,2016;Prabowo,Hudayani,Purwiyanti,Sulistiyanti,&Setyawan,2017;RustamStolkin,
Greig,Hodgetts,&Gilby,2008)algorithmandfoundtobesuperior.

Restofthepaperisorganizedasfollows.TherelatedresearchworksarepresentedinSec.2.The
proposedschemesarediscussedinSec.3andtheEMframeworkispresentedinSec.4.Thenew
SpatioTemporalMRFmodelsarepresentedintheEstepofSec.5.TheM-stepwiththeproposed
weightedfeaturealongwithparameterestimationalgorithmisprovidedinSec.6.Resultsandnecessary
discussionsarepresentedinSec.7.Finally,conclusionsarepresentedinSec.8.

2. RELATED wORK

Capturingtheunderwaterobjectmotionwiththecamerainsidewaterisarealworldproblemand
hasbeenstudiedindetailbyAmandaetal.(Silvattietal.,2013).Recently,thenotionofmultiview
geometry, specifically two views have been employed for two new formulations, one for global
optimalsolutionandtheotherforoutliers(Kang,Wu,Wei,Lao,&Yang,2017).Underwaterobject
trackinginrealtimeisoftennecessaryandtowardthisendfewresearcheffortshavebeendirected
forpracticalapplications(Cho,Jung,Lee,Rim,&Lee,2016;D.Zhang,Kopanas,Desai,Chai,&
Piacentino,2016).

Manyreal-worldunderwaterobjectdetectionproblemhavebeenaddressedusingEMframework
(Chandan&Bala,2009;Dempster,Laird,&Rubin,1977). In theE-stepof theEMframework,
imagemodellingplaysacrucialrole.Inthisregard,MarkovRandomField(MRF)modelhasbeen
extensively used as the a priori model of the image labels (Geman & Geman, 1987; Li, 1994).
Iterated Conditional Mode (ICM) algorithm is used (Besag, 1986) for simultaneous estimation
ofMRFmodelparametersandtheimagelabels.Stolkinetal.(Stolkin,Hodgetts,Greig,&Gilby,
2007)haveproposedExtendedMRF(E-MRF)basedmodelconsidering the interactionbetween
thepixelsoftheobservedframeandthecorrespondingpixelsofpredictedframe.Theauthorshave
usedtheE-MRFmodeldevelopatrackingalgorithmthatsimultaneouslyestimatescameramodel
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parametersandtheclasslabelsofvideosequences(RustamStolkinetal.,2008).Recently,inorderto
improvetheperformanceofStolkin’salgorithm,Pandaetal.(Panda&Nanda,2015)haveproposed
weightedorientedfeature-basedcameramodelparameterestimationandobjectdetection.Inorderto
detectmovingobjectunderwaterH.Liuet.al(Liuetal.,2016)proposeanapproachwhichcombine
backgroundsubtractionandthreeframedifferenceconsidering thecamera tobefixed.Similarly
(Prabowoetal.,2017)addressedanadaptivebackgroundmodellingmethodtodetectmovingobjects
onanunderwatervideo.Ithasbeenobservedthat timevaryingbackgroundinavideosequence
posesachallengewhichhasbeenaddressedbyKalyanetal.(Halder,Tahtali,&Anavatti,2016).
TheyhaveidentifiedandtrackedthemovingobjectsbythethresholdingalgorithmandRegression
NeuralNetwork.Anewfishdetectionalgorithmhasalsobeenimplementedtoidentifyandlocalize
fishoccurrencesineachframe,underpartialocclusion,andamidstdynamictexturepatternsformed
bywhirlsofsandontheseabed(Boudhane&Nsiri,2016).

IntheM-stepofEMframework,theaccuracyofestimationofcameraparametersgreatlydepends
onproperselectionoffeatures.TheimprovedHarriscornerdetectionalgorithmhasbeenusedtoextract
features(Qiao,Tang,&Li,2013)withreducedtimefordetection.Asfarasparameterestimationis
concerned,Zhang(Z.Zhang,2000)hasproposedaclosedformsolution-basedtechniquewherethe
cameraparameterscanbeestimatedusingtheobservedplanarpatternwhichmaymovefreely.Usually,
cameracalibrationinvolvestwosteps;thefirststepisthelinearcomputationofinitialparameters
valuesfollowedbythecomputationofthefinalparametersbynonlinearoptimization.Asanextension,
Heikkilaetal.(Heikkila&Silven,1997)haveproposedafourstepprocedurewhichisanextensionof
thetwostepmethod.Zhouetal.(Zhouetal.,2012)haveproposedanoveloptimizationalgorithmfor
estimatingcameraparametersbyminimizingthedistanceerrorbetweencalculatedpointandthereal
pointin3Dmeasurementcoordinatesystem.TheyhaveemployedLevenberg-Marquardtalgorithm
toupdatethecameraparameters.Byandlarge,EMalgorithmhasbeenemployedtosimultaneously
estimatecameraparametersandpixellabelsofframestocontinuouslydetectthemovingobjectwith
thecamerainmotion.OurproposedschemepresentedinSec.3isbasedonEMframework.

3. PROPOSED SCHEME

Wehaveconsideredtheunderwaterobjectdetectionproblemwhenbothcameraandtheobjectare
inmotion.Sincebothcameraandobjectareinmotion,theestimationofcameramodelparameters
needs the previously available segmented frames. The segmentation of a given frame depends
upontheaprioriestimatedcameraparameters.Thus,itisconceivablethatestimationoftheimage
labelsandthecameraparametersareinterdependent.Inthisregard,wehavecasttheproblemasan
incompletedataproblemandemployedtheExpectationandMaximization(EM)algorithmwhich
ispresentedinFigure1.

Initially,thecurrentobservedframetogetherwiththepreviouslyavailablesegmentedframesare
usedforspatiotemporalMRFmodelling.Thesegmentationproblemisformulatedaspixellabelling
problemandthepixellabelsareestimatedusingMAPestimationcriteria.TheMAPestimatesyield
thecurrentsegmentedframeandthefeaturesthathavebeenextractedfromthisframeareusedwith
the featuresof theprevious framesavailable in thepipeline.Featurescorresponding todifferent
framesareusedtoestimatethecameramodelparameters.Theextrinsicparametersofthecamera
modelareusedtotransformthecurrentsegmentedframeandthetransformedframesareusedfor
spatiotemporalmodellingofthesubsequentframe.Thisprocessofestimationofframelabelsand
cameraparametersisrepeatedforobjectdetectiontillalltheframesareexhausted.

TheproposedschemeinEMframeworkispresentedinFigure2.
IntheE-step,theframelabelshavebeenestimatedusingMAPestimationprinciplewhilein

theM-stepthecameramodelparametersareestimated.ThisisshowninFigure2,wherethegiven
frameismodelledasspatiotemporalMRFandtheMAPestimationisobtainedusingthesimulated
annealingandICMalgorithm.Thecameramodelparameters,bothextrinsicandintrinsicones,are
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estimatedusingthefeatures/weightedfeaturescomputedusingthesegmentedframes.Theparameter
estimationstepworksusingthenotionofpipelining.Theparametersareestimatedusingthefeatures
of the current frame as well as the features of previously available transformed frames. These
transformedframesareobtainedbyconvolvingthepriorsegmentedframeswiththecorresponding
estimatedrotationalparameters.Thefeaturesofthetransformedframesandthecurrentframehave
beenusedtoestimatetheintrinsicandextrinsicparameters.Usingtheseestimatedparameters,the
segmentationisobtainedbytheMAPestimation.Inparameterestimationstep,weneedfeaturesof
fiveframestoestimatethecameramodelparameters.AsshowninFigure3,

at time instant ‘t’all theslotshavebeen filledwith the featuresofdifferent framesand the
parametershavebeenestimatedbasedontheavailablefeatures.Becauseofavailabilityofthefeatures

ofallframes,theerrorintheparameterestimationisexpectedtobelow.At t
th

+( )1 timethenext
features of frames are available and accordingly the parameters will be estimated accurately,
particularlytheextrinsicparameterswillbeupdatedwhiletheintrinsicparameterswillnotchange.
Theparametersestimatedwiththeavailablefeaturesinthepipelineareobviouslynotthecorrect
estimatesandtheestimatesarepresentedinTable1andTable2.Subsequently,inthenexttimeslot,
thefeaturesoftheviewi.eview1areshiftedtothenextstageandthefeaturesofview2areinputto
thefirststageofthepipeline.ThecameraparametersthusestimatedaretabulatedinTable1and
Table2.

Figure 1. Schematic representation of the proposed scheme using EM framework
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4. EM FRAMEwORK

TheEMalgorithm,asappliedfortheincompletedataproblemconsistsoftwosteps,theExpectation
stepandtheMaximizationstep.IntheExpectationstep,estimateofthecompletedataisobtained
fromtheincompletedata,whileintheMaximizationstep,theseestimatedcompletedataareusedto
maximizethelikelihoodestimateofthecameramodelparameters.Thesetwostepsarealternatedtill
the convergence. At convergence, the camera parameter estimates are the maximum likelihood
estimatesandthelabelestimatesaretheMAPestimates.IntheEstep,theexpectationofthejoint
probabilitydistributionoftheobservedimageXandtheunobservedlabelZgiventheobservedimage
Xandthecurrentestimatesofthemodelparameterθ .

ThatisinEstep,thefollowingisevaluated:

E P X Z X
e

nlog , | | , ˆθ θ( )



  (1)

IntheM-step,theparametervectorθ isestimatedtobeθn+1 bymaximizingtheexpectationof
thisjointprobability.ThisistantamounttomaximizingthelikelihoodfunctionP X Z n, |θ +( )1 given

theobservedimageXand  θn .Sincelogisamonotonicfunction,ofteninpracticethelikelihood

Figure 2. Block diagram of the proposed approach
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Figure 3. Notion of pipelining for camera model parameter estimation

Table 1. Intrinsic Parameter estimation with the notion of pipelining. (Frame 15-22 of Whalesharks in Philippines southern 
Leyte, Underwater video)

Frame Time View
f
x

(mm) f
y

(mm) u
0

(mm) v
0

(mm)

F
t−4

View0
View1
View2
View3
View4

*
*
*
*
*

*
*
*
*
*

*
*
*
*
*

*
*
*
*
*

F
t−1

View0
View1
View2
View3
View4

192.67
192.67
192.67
192.67

*

174.37
174.37
174.37
174.37

*

-23.11
-23.11
-23.11
-23.11

*

32.039
32.039
32.039
32.039

*

F
t

View0
View1
View2
View3
View4

36.31
36.31
36.31
36.31
36.31

38.15
38.15
38.15
38.15
38.15

189.17
189.17
189.17
189.17
189.17

40.62
40.62
40.62
40.62
40.62
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functionismaximizedinsteadofactualfunction.Thus,inMstep, θn+1 isobtainedbymaximizing
thefollowing:

E log P X Z X
e

n n( |, | ,ˆ̧ +





1 θ  (2)

Thisestimated θ̂n+1 isusedintheEsteptoestimatethelabels ẑ at n
th

+( )1 instantandthe
processisrepeatedtillconvergenceasshowninFigure4.

Table 2. Extrinsic Parameter estimation with the notion of pipelining. (Frame 15-22 of Whalesharks in Philippines southern 
Leyte, Underwater video)

Frame Time View θ deg.( ) t
x

(mm) t
y

(mm) t
z

(mm)
Error of 

calibration

F
t−4

View0
View1
View2
View3
View4

*
*
*
*

*
*
* .
*
*

*
*
*
*
*

*
*
*
*
*

*
*
*
*
*

F
t−1

View0
View1
View2
View3
View4

93.25
11.54
13.09
23.95
*

308.50
127.84
261.16
304.42

*

177.87
.275
-.62

38.57
*

775.82
294.89
558.32
678.93

*

50.93
15.37
39.92
45.9
0.00

F
t

View0
View1
View2
View3
View4

18.9
10.24
9.42
4.2
6.33

-448.88
-565.16
-291.84
-381.21
-412.91

30.44
124.46
-18.17
-26.08
4.12

116.95
151.27
82.30
113.31
119.09

34.86
48.58
65.65
28.74
35.76

Figure 4. Recursive estimation of camera parameter
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5. E-STEP

Thehiddenvaluei.e.thelabelsoftheimage“z”isestimatedintheExpectationstep.Thisisobtained
bydeterminingthefollowingexpectedvalue.

E log P X Z X
e

k, | | ,θ θ( )



  (3)

The � ,log P X Z
e

|θ( ) isevaluatedasfollows.P X Z, |θ( ) isevaluatedforeveryindividualpixel

andthensummedovertheentireimage.Foragivenpixelat i j
th

;( ) location,theabovejointdensity
isevaluatedas

P X Z P X Z P Z
i j i j

k
i j i j

k
i j

k
, , , , ,
, ,| | |θ θ θ( ) = ( )( )  (4)

InEquation(4)P Z
i j

k
,
|θ( ) isthepriorprobabilitydistributionfunctionandassumingZtobe

SpatioTemporalMRF,thepriorprobabilityP Z
i j

k
,
|θ( ) canbeexpressedasGibbsdistributioni.e

P z
e

Zi j
k

U Tzi j

( |
,

/

)
,

θ =
′

−

 (5)

WeassumetheobservedimageprocessXisobtainedfromZbyaGaussiandegradationprocess.
HenceP X x Z z

ij
k= =( )| ,θ canbeexpressedas

P X z n Z z
ij ij ij ij

k= + =( )| ,θ orP n x z Z z
ij ij ij ij

k= − =( )| ,θ 

Assumingn
ij

tobeGaussian,

P X Z e
i j i j

x zij ij

, ,
,∨( ) =

− −( )









θ
πσ

σ1

2

2

22

 (6)

Therefore,

P X Z e
i j i j

k

x zij ij

, ,
, |θ

πσ

σ

( ) =
− −( )









1

2

2

22 
−

−
′

e

Z

U Tzi j,
/

 (7)

Considering � ’Z asconstantandTasunity,andtakinglogarithmofbothsidesofEquation(7),
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i j I
e i j i j

klog P X Z
,

, ,
,


∑ ( ) =|θ 

i j k
i j i m j n i j i j

f Z Z f Z Z log
,

, , , ,
, , ˆ


∑ + +( )




+ ( )





γ γ σ
1 2

1

2
22

2

22
( )+

−( )X z
i j i j, ,

σ
 (8)

Where, γ
1
and γ

2
aretheweightingparametersfixedtodealwiththepoorvisibilityconditionand

f(.)denotesthepairwisecliquepotentialfunction.Equation(8)isminimizedtoobtain �̂z .Thevalue
of ẑ  has been obtained by SA and ICM algorithm. With this estimated ẑ  labels the complete
likelihoodfunctionE log P X Z X

e
k, ,| |θ θ( )



 hasbeenmaximizedtoobtaintheestimateofparameter

vectorθ .
WehaveproposedthefollowingthreeSpatiotemporalMRFmodelsasthepriormodelforthe

imagelabelZ.

5.1. Proposed Spatiotemporal MRF (ST-MRF) with First Order 
Spatial and Temporal Neighbourhood (1st Model)
IntheE-stepofthealgorithm,thesegmentationproblemhasbeencastasapixellabellingproblem
andthelabelestimatesareobtainedinMAPframework.Inthiscontext,theevaluationoftheposterior
probabilityrequirestheknowledgeoftheapriorimodelofthelabelsandthedegradationprocessof
thelabels.ThedegradationprocessisassumedtobeGaussianandtheaprioripixellabelmodelis
thespatiotemporalMRFmodel.Thetemporalframesarethepreviouslytransformedframes.Thus,
thecurrentframeattandthetransformedframescorrespondingto(t-1)and(t-2)timeinstantsare
usedfor2ndorderspatiotemporalmodelling.Analogously,firstorderspatiotemporalmodellinguses

the tth frametogetherwiththetransformedframeat t
th

−( )1 instant.Inthefollowing,wepresent
thespatiotemporalMRFmodelingwithfirstorderSpatialandfirstordertemporalneighbourhood.

Sinceobservedvideosequencex isa3Dvolumeconsistingofimageframesintemporaldirection,
x
t
denotestheframeattimet,and x

st
denotesasite s ofthetemporalframe x

t
.Therefore, x

st


correspondstothespatio-temporalcoordinateofthegrid(s,t).Let z denotesthesegmentationof
videosequencex andz

t
isthesegmentationofthex

t
th frame.Z

t
hasbeenassumedtobeMRFand

z
t
isarealizationofZ

t
.ThisassumptionofMarkovianityisinthespatialdirection.Wehavealso

assumedMarkovianityinthetemporaldirection.AsshowninFigure5,wehaveshownonetemporal
frameat(t-1)timeinstantforconsidering1stordertemporalneighbourhood.Sincewehaveassumed
tohavetheMarkovModelinbothspatialandtemporaldirection,theMarkovianityissatisfiedfor
bothspatialandtemporaldirectionsaswell.Inspatialdirection

P Z z Z z r S s r
st st rt rt
= = ∀ ( ) ≠( )| ; , 

P Z z Z z r
st st rt rt st
= = ( )( )| ;  η  (9)

Where, η
st

denotestheneighborhoodof s t,( ) andS M N= ×( ) denotesthelatticeof  z
t
.Figure

5showstheschematicrepresentationofSpatioTemporalmodelingbutthelocalpropertyintemporal
directionisgivenas
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P Z z Z z q t s q V
st st sq sq
= = ≠ ∀( )( )| ; ; ,  

P Z z Z z s q
st st sq sq st
= = ( )( )| , ,  η  (10)

Where,V denotesthe3Dvolumeofthevideosequence.Theprioriprobabilitycanbeexpressedas
Gibbsdistributionandcanbeexpressedas

P Z z
e

Zt t

U z Tt

=( ) =
′

− ( )/
 (11)

Where,U z
t( ) istheenergyfunctionwhichcanbeexpressedas

U z V z V z
t

c C
sc t

c C
tc t( ) = ( )+ ( )∑ ∑

 

 (12)

Where,V z
sc t( ) denotesthecliquepotentialinspatialdomainwhileconsideringasingleframeand

isgivenby

Figure 5. Spatio Temporal MRF model with first order spatial and temporal neighbourhood
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V z
ifz z r t S

ifz z r t Ssc t
st rt

st rt

( ) =
+ ≠ ( )

= ( )







α , ,

, ,


0

 (13)

Similarly,thecliquepotentialfunctionintemporaldirectionwithfirstorderneighbourhoodcan
beexpressedas

V z
ifz z s t V

ifz z s t Vtc t
st s t

st s t

( ) =
+ ≠ −( )

= −( )




−

−

β
,

,

, ,

, ,
1

1

1

0 1









 (14)

Where,V Z
tc t( ) denotesthecliquepotentialfunctionintemporaldirection.

5.2. Proposed Spatio Temporal MRF (ST-MRF) with First Order Spatial 
Neighbourhood (SN) and 2nd Order Temporal Neighbourhood (TN) (2nd Model)
Figure 6 shows the spatiotemporal MRF with first order Spatial neighbourhood and 2nd order
temporalneighbourhood.

The first order spatial neighbourhood is presented inEquation 9 and for Figure6 the local
characteristiccorrespondingtotemporaldirectionMarkovianityisgivenby

P Z z Z z q t s q V
st st sq sq
= = ≠ ∀( )( )| ; ; ,  

P Z z Z z s q
st st sq sq st
= = ( )( )| , ,  η  (15)

Where, η
st

referstothe2ndorderneighbourhoodstructure.Theenergyfunctionisgivenby

U z V z V z
t

c C
sc t

c C
tc t( ) = ( )+ ( )∑ ∑

 

 (16)

V z
sc t( )  issameasdefinedinEquation13whereasthereiscliquepotentialfunctionswhichtakes

careoffirstorderand2nd orderterms.Hence,V V V
tc tc tc
= +

1 2
.V
tc1
�correspondstofirstorderterm

andisgivenby

V z
if z z s t V

if z z s t Vtc t
st s t

st s t
1

1

1

1

0 1
( ) =

+ ≠ −( )
= −( )


 −

−

β
,

,

, ,

, ,










 (17)

andfor2nd ordertermthepotentialfunctionisdefinedas

V z
if z z s t V

if z z s t Vtc t
st s t

st s t
2

2

2

2

0 2
( ) =

+ ≠ −( )
= −( )


 −

−

β
,

,

, ,

, ,










 (18)
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5.3. Proposed Spatio Temporal MRF (ST-MRF) with 2nd 
Order Spatial Neighbourhood (SN) and 2nd Order Spatio 
Temporal Neighbourhood (STN) (3rd Model)
ForSpatialmodel,thelocalcharacteristicissameasEquation9butthelocalcharacteristicforthe
2ndorderneighbourhoodstructureisgivenby:

P Z z Z z r s q t r q V
st st rq rq
= = ≠ ≠ ∀( )( )| ; , ; ,  

P Z z Z z r q
st st rq rq st
= = ( )( )| , ,  η  (19)

Where, η
st

denotes the 2nd orderneighbourhoodstructure.Figure7showstheSpatioTemporal
structurewithsecondorderneighbourhood.TheenergyfunctionU z

t( ) isgivenby

Figure 6. Spatio Temporal MRF with 1st order spatial neighbourhood and 2nd order temporal neighbourhood
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U z V z V z
t

c C
sc t

c C
tc t( ) = ( )+ ( )∑ ∑

 

 (20)

ThecliquepotentialfunctionforthefirstorderneighbourhoodwillbesameasEquation12,but
forsecondorderneighbourhood thepotential functionconsistsof two interactionsV

tc1
andV

tc2


respectivelyforfirstorderand2nd orderneighborhoodstructure.
Forthesakeofclarity,theyareseparatelypresentedasfollows:
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Figure 7. Spatio Temporal MRF with 2nd order spatial neighbourhood and 2nd order Spatio Temporal Neighbourhood
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6. M-STEP

WeestimatethecameramodelparametersintheM-step.

ˆ ˆ[log ( , | ) | , ]�θ θ θθ
k

e
kargmax E P X Z X+ =1  (23)

Theimagelabels ẑ havebeenestimatedinEstepandtheseestimatedlabelshavebeenused
togetherwiththeobservedframe X

t
at tth timeinstanttodeterminetheestimateofthecamera

modelparameters.The2DoptimizationbasedmethodasproposedbyZhouetal.(Zhouetal.,2012)
hasbeenusedtoestimatethecameramodelparameters.Thisistantamounttooptimizingthelikelihood
functionof23.Theobservedframe  X

t
andtheestimatedlabels Ẑ

t
areusedinthe2Doptimization

method.
ThefeaturepointsconsideredaretheHarriscornerpointsofthewhale,whichisshowninFigure

8.Thesecornerpointsaremappedintothecameracoordinateplaneandinthesequeltotheimage
coordinateplane.Wehavenotconsidereddistortionandthereforethedistancebetweentheestimated
imagepointintheimagecoordinateplaneˆ

�
i
u

andrealimagepointi
u

isminimized.Hencetheestimated
point in the imagecoordinate ˆ

�
i
u

 is a functionof intrinsicparameters f f u v
x y
, , ,

0 0( )  andextrinsic

parametersRandti.e. � , , , , ,ˆ
�
i
u x y
f f f u v R t= ( )0 0
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x y

T
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0 0
.

Therefore,inthiscasetheproblemisreformulatedas
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θ

θ
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∑∑
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2  (24)

Theestimated θ̂ providesustheestimatedparameters � , , , , ,ˆ ˆ ˆ ˆ ˆ ˆf f u v R t
x y 0 0( ) .Theseparametersare

usedtotransformtheapriorisegmentedimagetobeusedwiththecurrentimageforspatiotemporal
MRFmodellingwhichisusedtoobtaintheestimationofthelabelsintheE-step.

6.1. Proposed weighted Feature for Parameter Estimation
Theaccuracyoftheestimationofcameraparametersgreatlydependsupontheappropriatefeature
points,whichisevidentfromprevioussection.Themovementoftheobjectisinunderwaterand
hence, the movement in each frame may lead to improper extraction of feature points. In order
to extractproper featurepoints,wehaveused steerablepyramid filterswithdifferent angles for
differentframes.Steerablefiltershavebeenemployedtoobtaindifferentfeaturesofagivenframe
withdifferentorientation.Thisfilterisrecursiveinnatureandhencethekdirectionalbandpassfilter
canbeexpressedas

B u v HP f f s cos
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km N
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Wherem=0…k-1

S u v= +( )2 2
1

2  (26)

Sistheradialvariableinfrequencyspaceandθ =
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TheKernelsatdifferentanglehavebeenappliedtotheconsideredframesforfeatureextraction.

Figure 8. This figure shows the step for 2D optimization of whale. Where I
w

 = World coordinate plane, I
c

 = Camera coordinate 

plane, i
u

 = image plane, O
c

 = optical center of the camera and z
c

 = optical axis of the camera lens.
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Harris corner detection algorithm has been the choice for detection of corner points. From
a practical standpoint, it may be conceivable that accurate corners may correspond to sub-pixel
coordinatepositionsinsteadofpixelcoordinates.Hence,wehaveadheredtotheimprovedHarris
cornersub-pixelcornerdetectionalgorithm(Qiaoetal.,2013)indifferentvideoframes.Foragiven
frame,thecornerpointsareweightedtotakecareoftheorientationandmovement.Wehaveassigned
differentweightagetodifferentframe’sfeaturepointswithaviewtotakecareofthemovements
indifferentframes.Wehaveextractedfeaturesatcoarseresolutionwhichareusedforparameter
estimation.Theproposedframeworkwithdifferentmodelsareusedtoobtainsegmentation.Gaussian
Pyramid(Karasaridis&Simoncelli,1996)hasbeenconstructedbasedonfollowing.

P I S G P I
Gaussian n Gaussian n

( ) = ↓ ( )( )
+1 σ * *  (28)

TheoperatorS ↓ down-samplesanimage;thej,kth elementofS ↓ (I)isthe2j,2kth element
ofI.Thenth levelofapyramidP(I)isdenotedasP I

n
( ) .Gσ isalinearoperatorthattakesanimage

totheconvolutionofthatimagewithaGaussian.Theframeno.19atdifferentresolutionisshown
inFigure9.

7. RESULTS AND DISCUSSIONS

Wehaveconsidereddifferentviewsromtwodatasets,thefirstoneisWhalesharksinPhilippines
southernLeyte,Underwatervideowhile,thesecondoneisfromCreepychimera/Nautiluslivevideo.
Since,ourpipelineconsistsoffivestages,wehaveconsideredeightviews(frames)fromthefirst
datasetandfiveviewsfromtheseconddataset.

Features,particularlythecornerfeaturesareextractedtobeusedforparameterestimation.The
transformedsegmentedframeshavebeenpassedthroughSteerablepyramidfiltertohavemaximum
exposureoftheedgesoftheobject.Thereafter,thecornerfeatureshavebeenextractedusingthe
improvedHarriscornerdetectionalgorithm.Thefeaturescorrespondingtoframes15,16,17,18,and
19areweightedwith0.4,0.2,0.1,0.1,and0.1,respectively.Theseweightedfeaturesinthepipeline
areusedtoestimatethecameraintrinsicandextrinsicparameters.Theestimatedintrinsicparameters
correspondingtothreeimageframemodelsarepresentedinTable3.Thecorrespondingcalibration
errorsaretabulatedinTable4.AsobservedfromTable4thecalibrationerrorsarelesswithoriented
weightedfeaturesatcoarsescalethanthoseatfinescale.

Althoughthiscouldbeduetothereducedfeaturesatcoarsescale,theminimumCalibration
errorisexpectedforaccuracyofestimationofbothintrinsicandextrinsicparameters.Theintrinsic

Figure 9. (a) Finer image (480 × 270) (b) Image down sample to (240 × 135) (c) Image down sample to (120 × 67) (d) Image down 
sample to (60 × 33)
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Table 3. Camera intrinsic parameters (in mm) with oriented weighted features using 2Doptimization at different scale for 1st, 
2nd and 3rd Model

1st Model 2nd Model 3rd Model

Methods Scale fx f y u0 v0 fx f y u0 v0 fx f y u0 v0

Whale sharks in Philippines southern Leyte, Underwater video

Stolkin’s 
Model

Fine 36.31 38.15 189.17 40.62

Oriented 
weighted 
features

Fine 36.39 37.62 174.60 38.72 37.12 35.82 156.43 38.72 37.85 35.83 156.43 39.72

Coarse 37.48 38.29 188.59 42.44 37.48 38.29 188.59 39.65 37.48 39.14 189.89 38.27

Creepy chimera/Nautilus live video

Stolkin’s 
Model

Fine 32.12 37.71 69.48 291.1

Oriented 
weighted 
features

Fine 32.32 32.11 75.60 297.1 32.78 33.71 72.91 297.1 33.52 33.95 73.63 297.9

Coarse 35.22 37.54 59.57 269.8 35.12 38.08 60.34 270.7 33.28 39.64 60.89 270.1

Table 4. Camera calibration error (in pixels) using with oriented weighted features in different scale using 2D optimization for 
1st, 2nd and 3rd model

1st Model 2nd Model 3rd Model

Original views Fine Coarse Fine Coarse Fine Coarse

Whale sharks in Philippines southern Leyte, Underwater video

View1 5.67 0.82 5.20 0.71 4.98 0.65

View2 7.01 3.44 6.72 2.99 6.41 2.75

View3 5.88 4.17 5.27 3.72 5.04 3.68

View4 6.88 3.46 6.48 2.33 6.11 2.07

View5 5.39 2.35 5.26 2.04 4.99 1.88

Creepy chimera/Nautilus live video

View4 4.02 3.40 3.33 3.01 3.02 2.01

View5 3.07 2.98 2.72 2.52 2.32 1.62

Table 5. Camera calibration error (in pixels) using 2D optimization for Stolkin’s Model

Original views View1 View2 View3 View4 View5

Whale sharks in Philippines southern Leyte, Underwater video

34.86 48.57 65.65 28.74 35.7

Creepy chimera/Nautilus live video

39.92 41.01 41.09 33.74 20.06
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parametersforweightedorientedfeaturesarepresentedinTable3.Theestimatedparametersare
withintheavailablefocallengthrangei.e4.5mm-54mm.Thecalibrationerrorisminimumforthe
thirdmodelatcoarsescalelevelthusconfirmingtheuseofcoarsescale.ComparingresultsofTable
4andTable5,theerrorswiththeproposedmodelsareverylessthanthatoftheStolkin’smodel.As
observedfromTable11,theexecutiontimefortheframesatcoarsescaleisintherangeof(8-11)
seconds.

Thesegmentationresultsobtainedbytheproposedalgorithmsandtheexistingthreealgorithms
arepresentedinFigure10-Figure19.Figure10-Figure17correspondtoresultsof8framesof
videoofwhalesharksinPhilippinessouthernLeyte,while,Figure18andFigure19correspond
32and33framesofCreepychimera/livevideo.Figure10(f),10(h)and10(j)resultscorrespondto
finerscalewhileFigure10(g),10(i)and10(k)correspondtocoarsescaleresults.Asobservedfrom
thesefiguresforfinerscale,thereisanimprovementwiththe3rdmodel.AsobservedfromFigure
10(f),therearemisclassifiedpixelsonthetailofthewhale,andthenumberofmisclassifiedpixels
reduceswith2ndorderneighbourhoodstructurebased(ST-MRF)whichisobservedfromFigure10(j).
Thiscouldbeattributedtothemodelwithweightedfeatures.Thereconstructedfinescaleimages
fromthecoarsescalesresultsareshowninFigure10(g),10(i)and10(k).Asobservedfromthese
figures,someportionsoftheboundaryareblurredandthemisclassifiedpixelsaremoreincaseof
1storderascomparedtothatof2ndorderST-MRFcase.ThishasbeenreflectedonthePercentage
ofMisclassificationErrors(PME)presentedinTable6.

ThePMEforStolkinetal.,Liuetal.,andM.R.Prabowoetal.modelishigherthanthoseof
theproposedmodels.Similarobservationsarealsomadefortheresultsobtainedforotherframes
presentedinFigure10toFigure17.ThiseffectcanalsobeobservedfromTable6.

The proposed algorithms have also been tested for the second set of frames. The results
correspondingtotwoframeshavebeenpresentedinFigure18andFigure19.Asobservedfromthe
segmentedresultsofFigure18(d)-18(i),sharpboundariesoftheobjectcouldberetainedincase
offinescalewhiletheboundariesareblurredincaseofcoarsescales.Similarobservationsarealso
madefortheresultspresentedinFigure19.Further,itisalsoobservedthatthesetofresultsobtained

Figure 10. View 1 (Frame 15 of Whale sharks in Philippines southern Leyte, Underwater video): (a) Original image; (b) Ground 
Truth; Segmented results using; (c) Stolkin et al.’s method; (d) H. Liu et al. (e) M. R. Prabowo et al. (f), (g) Proposed ST-MRF(1st 
model, finer scale & coarser scale) (h), (i) Proposed ST-MRF (2nd model, finer scale & coarser scale) (j), (k) Proposed ST-MRF (3rd 
model, finer scale & coarser scale).
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for3rdmodelisthebestamongallthethreemodels.Thisnotionhasbeenreflectedinthepercentage
ofmisclassificationerrorpresentedinTable6.

Figure 11. View 2 (Frame 16 of Whalesharks in Philippines southern Leyte, Underwater video): (a) Original image (b) Ground 
Truth; Segmented results using: (c) Stolkin et al.’s method (d) H. Liu et. al (e) M. R. Prabowo et al. (f), (g) Proposed ST-MRF (1st 
model, finer scale & coarser scale) (h), (i) Proposed ST-MRF (2nd model, finer scale & coarser scale) (j),(k) Proposed ST-MRF 
(3rd model, finer scale & coarser scale).

Figure 12. View 3(Frame 17 of Whalesharks in Philippines southern Leyte, Underwater video): (a) Original image; (b) Ground 
Truth; Segmented results using; (c) Stolkin et al.’s method; (d) H. Liu et al.; (e) M. R. Prabowo et al. (f), (g) Proposed ST-MRF (1st 
model, finer scale & coarser scale) (h), (i) Proposed ST-MRF (2nd model, finer scale & coarser scale) (j), (k) Proposed ST-MRF 
(3rd model, finer scale & coarser scale).



International Journal of Cognitive Informatics and Natural Intelligence
Volume 14 • Issue 4 • October-December 2020

20

8. QUANTITATIVE MEASURES

Theaccuracyofthesegmentedframeshasbeenmeasuredbythefourquantitativemeasuressuchas:
(i)PercentageofMisclassificationError,(ii)DiceCoefficient,(iii)BoundaryHammingDistance,
(iv)PrecisionandRecall.ThePercentageofMisclassificationisdefinedas

Figure 13. View 4 (Frame 18 of whale sharks in Philippines southern Leyte, Underwater video): (a) Original image (b) Ground 
Truth; Segmented results using: (c) Stolkin et al.’s method (d)H.Liu et al.; (e) M. R. Prabowo et al.; (f), (g)Proposed ST-MRF(1st 
model, finer scale & coarser scale) (h), (i) Proposed ST-MRF (2nd model, finer scale & coarser scale); (j), (k) Proposed ST-MRF 
(3rd model, finer scale & coarser scale).

Figure 14. View 5 (Frame 19 of whale sharks in Philippines southern Leyte, Underwater video): (a) Original image; (b) Ground 
Truth; Segmented results using; (c) Stolkin et al.’s method (d) H. Liu et al.; (e) M. R. Prabowo et al.; (f), (g) Proposed ST-MRF(1st 
model, finer scale & coarser scale); (h), (i) Proposed ST-MRF (2nd model, finer scale & coarser scale); (j), (k) Proposed ST-MRF 
(3rd model, finer scale & coarser scale).
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Percentage of Misclassification Error(PME)= noofmisclassifiedpixels
Totalnumberofpixels

. ×100

AsobservedfromTable6,thePMEforthe3rdmodelhavebeenfoundtobeminimumforboth
fineandcoarsescales.Thisindicatesthatsegmentationatcoarsescaleisalsoacceptable.Figure

Figure 15. View 6 (Frame 20 of whale sharks in Philippines southern Leyte, Underwater video): (a) Original image; (b) Ground 
Truth; Segmented results using; (c) Stolkin et al.’s method; (d) H. Liu et al.; (e) M. R. Prabowo et al.; (f), (g) Proposed ST-MRF (1st 
model, finer scale & coarser scale); (h), (i) Proposed ST-MRF (2nd model, finer scale & coarser scale); (j), (k) Proposed ST-MRF 
(3rd model, finer scale & coarser scale).

Figure 16. View 7 (Frame 21 of whale sharks in Philippines southern Leyte, Underwater video): (a) Original image; (b) Ground 
Truth; Segmented results using; (c) Stolkin et al.’s method; (d) H. Liu et al.; (e) M. R. Prabowo et al.; (f), (g) Proposed ST-MRF(1st 
model, finer scale & coarser scale); (h), (i) Proposed ST-MRF (2nd model, finer scale & coarser scale); (j), (k) Proposed ST-MRF 
(3rd model, finer scale & coarser scale).
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10-Figure17presentthesegmentedresultsforallthethreemodelsandallviewpoints.Further,
itmaybeobservedthatforagivenview,thePMEdecreasesaswemovefromfirsttothirdmodel.

ThesecondquantitativemeasureconsideredistheDiceCoefficientwhichisdefinedas

DC
S

S GT

F F=
×

+

2 ∩GT


Figure 17. View 8 (Frame 22 of whale sharks in Philippines southern Leyte, Underwater video): (a) Original image; (b) Ground 
Truth; Segmented results using; (c) Stolkin et al.’s method; (d) H. Liu et al.; (e) M. R. Prabowo et al.; (f), (g) Proposed ST-MRF (1st 
model, finer scale & coarser scale); (h), (i) Proposed ST-MRF (2nd model, finer scale & coarser scale); (j), (k) Proposed ST-MRF 
(3rd model, finer scale & coarser scale).

Figure 18. View 4 (Frame 32 of Creepy chimera/Nautilus live video): (a) Original image; (b) Ground Truth; Segmented results using: 
(c) Stolkin et al.’s method; (d) H. Liu et al.; (e) M. R. Prabowo et al.; (f), (g) Proposed ST-MRF (1st model, finer scale & coarser scale); 
(h), (i) Proposed ST-MRF (2nd model, finer scale & coarser scale); (j), (k) Proposed ST-MRF (3rd model, finer scale & coarser scale).
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where,Sdenotesthesegmentedimage,GTdenotesthegroundtruth,FGandBGcorrespondsto
foregroundandbackgroundrespectively.

Foraccuratesegmentation,theDiceCoefficientvaluesshouldbeclosetounityandinanideal
caseunity.AsobservedfromTable7,thevaluescorrespondingtothethirdmodelatfinescaleare
closetounity.Further,asexpected,theperformanceofthethirdmodelatfinescaleissuperiorto
thatofthecoarsescale.Itisalsoobservedthattheperformanceofthe2ndmodelissuperiortothe
firstmodel.

ThethirdquantitativemeasureBoundaryHammingDistance(BHD)isdefinedas

BHD
S GT S GT

BOUNDARY

B F BOUNDARY F B BOUNDARY= −
+{ }

1
∩ ∩



AsobservedfromTable8,theboundaryhammingdistanceforthethirdmodelatfinerscale
isbetter than thatof thecoarsescale.Thisobservation ismadeforall theviews.TheBoundary
HammingDistancesareclosetounity,butthedistancesobtainedforfinescaleimagesarehigher
thanthoseofcoarsescales.Thisisbecauseoftheblurredboundaryincaseofcoarsescaleandsharp
boundariesatfinescale.

ThenextquantitativemeasuresconsideredarePrecisionandRecallandaredefinedas

Precision Pr
TP

TP FP
( ) =

+
.

Recall
TP

TP FN
Re( ) =

+


ThePrecisionandRecallvaluesarepresentedinTable9Table10.Asobserved,thePrecision
andRecallvaluesarehigher incaseof thirdmodelatfinescale thanthoseofcoarsescale. It is

Figure 19. View 5 (Frame 33 of Creepy chimera/Nautilus live video): (a) Original image; (b) Ground Truth; Segmented results using: 
(c) Stolkin et al.’s method; (d) H. Liu et al.; (e) M. R. Prabowo et al.; (f), (g) Proposed ST-MRF (1st model, finer scale & coarser scale); 
(h), (i) Proposed ST-MRF (2nd model, finer scale & coarser scale); (j), (k) Proposed ST-MRF (3rd model, finer scale & coarser scale).
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furtherobservedthatthePrecisionandRecallvaluesforallthemodelsatfinescalearehigherthan
thoseofcoarsescale.However,asexpectedtheresultsobtainedforcoarsescaleareclosetothoseat
finescale.TheRecallvaluesarehighbutnotclosetounityasinthecaseofPrecisionvalues.The
correspondingvaluesofallthethreeexistingalgorithmsarelower.Hence,thealgorithmcouldbe
successfullytestedwithtwounderwatervideodatasets.Theperformanceoftheproposedalgorithms
issuperiortothatofStolkin’sEMRF,H.Liuet.al,M.R.Prabowoet.alalgorithms.

9. CONCLUSION

Thisresearchhasproposednewschemetoaddresstheissuewhenbothobjectandthecameraare
movingintheunderwaterenvironment.Sincethisproblemisachallengingissueinareal-world
scenario,whichmotivatedustoconsiderinthisresearchwork.Thishasbeenviewedasanincomplete
dataproblemandtheproblemhasbeensolvedinEMframework.Intheproposedframeworkapriori
knowledgeofthecameramodelparametersareassumedtobeavailable.ThreeSpatioTemporalMRF
modelshavebeenproposedasapriorimodelswhichareusedtoestimatethelabelsintheMAP
framework.IntheMstep,newfeaturesarecomputedtoestimatethecameramodel’sintrinsicand
extrinsicparameters.Thethreeproposedalgorithmscouldsuccessfullybetestedwithframesderived
fromtwovideosequences.Theresultsobtainedfordifferentframescorrespondtofinescaleoperations
andwerefoundtobesuperiortothatofexistingthreealgorithms.Theefficacyofthealgorithms
hasalsobeentestedatcoarseresolution.Thecoarseresolutionframescouldbesuccessfullyused
todetecttheobjectsandithasbeenobservedthattheresultsareacceptablebasedonthedifferent
quantitativemeasures.Butincaseofcoarsescale,thecomputationaltimehasreducedsubstantially
thus,makingitafeasiblecandidateforrealtimeapplications.

Table 6. Percentage of misclassification error at fine and coarse scale

Fine Scale Coarse Scale

Original 
views

Stolkin’s 
Model

Liu et 
al.

Prabowo 
et. al.

1st Model 2nd 
Model

3rd 
Model

1st Model 2nd 
Model

3rd 
Model

Whale sharks in Philippines southern Leyte, Underwater video

View1 15.54 8.51 7.82 6.112 6.066 5.354 6.731 6.069 5.352

View2 6.71 9.0 6.33 1.496 1.466 0.925 1.499 1.469 0.926

View3 5.95 8.92 6.94 0.831 0.825 0.503 0.828 0.822 0.504

View4 6.34 7.34 7.86 6.221 6.001 5.002 6.218 6.002 5.000

View5 7.33 9.15 7.61 4.181 4.001 3.882 4.921 4.008 3.880

View6 6.19 7.76 9.69 0.613 0.560 0.320 0.610 0.558 0.318

View7 10.1 5.78 9.47 8.071 7.756 6.863 8.068 7.753 6.864

View8 6.69 8.8 8.51 0.461 0.449 0.293 0.465 0.445 0.290

Creepy chimera/Nautilus live video

View4 1.46 8.68 5.3 1.24 1.04 0.62 2.44 1.79 0.85

View5 1.20 4.2 6.6 0.82 0.74 0.41 1.88 1.76 1.05
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Table 7. Dice coefficients at fine and coarse scale

Fine Scale Coarse Scale

Original 
views

Stolkin’s 
Model

Liu 
et 
al.

Prabowo 
et al.

1st Model 2nd 
Model

3rd 
Model

1st 
Model

2nd 
Model

3rd 
Model

Whale sharks in Philippines southern Leyte, Underwater video

View1 .664 .847 .860 0.919 0.922 0.931 0.908 0.920 0.935

View2 .854 .838 .887 0.926 0.935 0.943 0.924 0.931 0.941

View3 .870 .840 .876 0.936 0.941 0.951 0.932 0.945 0.950

View4 .863 .868 .860 0.891 0.893 0.899 0.894 0.890 0.900

View5 .842 .837 .864 0.924 0.927 0.933 0.893 0.924 0.935

View6 .866 .862 .827 0.939 0.941 0.945 0.944 0.945 0.947

View7 .855 .897 .831 0.852 0.854 0.859 0.858 0.859 0.859

View8 .782 .841 .848 0.945 0.947 0.950 0.943 0.949 0.951

Creepy chimera/Nautilus live video

View4 .885 .913 .946 .977 .979 .984 .966 .970 .973

View5 .887 .957 .933 .981 .982 .985 .967 .968 .973

Table 8. Boundary hamming distance at fine and coarse scale

Fine Scale Coarse Scale

Original 
views

Stolkin’s 
Model

Liu et al. Prabowo 
et al.

1st 
Model

2nd 
Model

3rd 
Model

1st Model 2nd 
Model

3rd 
Model

Whale sharks in Philippines southern Leyte, Underwater video

View1 .925 .655 .654 0.875 0.876 0.865 0.870 0.872 0.835

View2 .911 .611 .678 0.910 0.908 0.909 906 0.905 0.906

View3 952 .709 .619 0.946 0.947 0.947 0.943 0.945 0.948

View4 .943 .716 .549 0.948 0.948 0.948 0.944 0.942 0.945

View5 .901 .699 .618 0.867 0.867 0.868 0.860 0.863 0.863

View6 .905 .618 .517 0.926 0.926 0.928 0.923 0.922 0.923

View7 .918 .761 .597 0.940 0.940 0.940 0.933 0.933 0.932

View8 .900 .674 .518 0.889 0.884 0.881 0.885 0.882 0.882

Creepy chimera/Nautilus live video

View4 .842 .454 .695 .874 .883 .915 .880 .882 .882

View5 .881 .753 .631 .902 .909 .929 .901 .905 .920
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Table 9. Precision at Fine and Coarse Scale

Fine Scale Coarse Scale

Original 
views

Stolkin’s 
Model

Liu et al. Prabowo 
et al.

1st 
Model

2nd 
Model

3rd 
Model

1st Model 2nd 
Model

3rd 
Model

Whale sharks in Philippines southern Leyte, Underwater video

View1 .993 .932 .640 0.995 0.995 0.995 0.978 0.978 0.979

View2 .996 .918 .713 0.997 0.998 0.998 0.976 0.978 0.978

View3 993 .931 .700 0.993 0.993 0.994 0.829 0.829 0.827

View4 .993 .851 .627 0.997 0.997 0.997 0.801 0.804 0.805

View5 .990 .905 .649 0.993 0.994 0.995 0.893 0.895 0.896

View6 .986 .969 .559 0.989 0.995 0.995 0.964 0.966 0.967

View7 .984 .972 .562 0.995 0.989 0.990 0.871 0.874 0.874

View8 .993 .513 .528 0.995 0.995 0.995 0.972 0.976 0.977

Creepy chimera/Nautilus live video

View4 .993 .181 .580 .996 .996 .997 .996 .996 .998

View5 .995 .879 .588 .997 .998 .998 .997 .998 .998

Table 10. Recall at Fine and Coarse Scale

Fine Scale Coarse Scale

Original 
views

Stolkin’s 
Model

Liu et al. Prabowo 
et al.

1st 
Model

2nd 
Model

3rd 
Model

1st 
Model

2nd 
Model

3rd 
Model

Whale sharks in Philippines southern Leyte, Underwater video

View1 .974 .262 .707 0.976 0.976 0.974 0.905 0.907 0.900

View2 .982 .261 .782 0.985 0.984 0.984 0.913 0.911 0.911

View3 994 .280 .748 0.995 0.995 0.995 0.893 0.893 0.892

View4 .990 .446 .801 0.992 0.991 0.992 0.876 0.874 0.874

View5 .971 .235 .739 0.976 0.977 0.977 0.879 0.875 0.874

View6 .973 .340 .742 0.976 0.976 0.974 0.947 0.946 0.944

View7 .998 .515 .803 0.998 0.998 0.998 0.880 0.876 0.875

View8 .988 .258 .512 0.990 0.989 0.988 0.937 0.938 0.938

Creepy chimera/Nautilus live video

View4 .729 .114 .482 .773 .813 .899 .945 .981 .998

View5 .834 .456 .197 .890 .901 .959 .959 .968 .994
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Table 11. Execution time (ET) of Stolkin’s Model and 1st Model (Fine and Coarse Scale) (Whalesharks in Philippines southern 
Leyte, Underwater video)

Original views ET of Stolkin’s Model 

(sec) 480 270×( )
ET of Fine Scale (sec) 

480 270×( )
ET of Coarse Scale (sec) 

120 67×( )

View1 142 142 8

View2 141 143 9

View3 143 143 8

View4 143 145 10

View5 144 145 10

View6 145 147 11

View7 141 143 9

View8 140 143 9
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