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ABSTRACTVideoindexingandretrievalhaveawidespectrumofpromisingapplications,motivatingtheinterestofres

earchersworldwide.Thispaperoffersatutorialandanoverviewofthelandscapeofgeneralstrategiesinvisualcontentbas

edvideoindexingandretrieval,focusingonmethodsforvideostructureanalysis,includingshotboundarydetection,key

frameextractionandscenesegmentation,extractionoffeaturesincludingstatickeyframefea-

tures,objectfeaturesandmotionfeatures,videodatamining,videoannotation,videoretrievalincludingquery 

interfaces,similaritymeasureandrelevancefeedback,andvideo 

browsing.Finally,weanalyzefutureresearchdirections. 

IndexTerms—Featureextraction,videoannotation,video browsing,videoretrieval,videostructureanalysis.  

 

I.INTRODUCTION 
ULTIMEDIA information  indexing and retrieval 

[44]Marerequiredtodescribe,store,andorganizemult

imediainformationandtoassistpeopleinfindingmulti

mediaresourcesconvenientlyandquickly.Dynamicvi

deoisanimportantformofmultimediainformation.Vi

deoshavethefollowingcharacteristics:1)muchricher

contentthanindividualimages;2)hugeamountofrawd

ata;and3)verylittlepriorstructure.Thesecharacteristi

csmaketheindexingandretrievalofvideosquitediffic

ult.Inthepast,videodatabaseshavebeenrelativelysma

ll,andindexingandretrievalhavebeenbasedonkeywo

rdsannotatedmanually.Morerecently,thesedatabase
shavebecomemuchlargerandcontentbasedindexinga

ndretrievalarerequired,basedontheautomaticanalysi

sofvideoswiththeminimumofhumanparticipation.C

ontentbasedvideoindexingandretrievalhaveawidera

ngeofapplicationssuchasquickbrowsingofvideofold

ers,analysisofvisualelectroniccommerce(suchasana

lysisofinteresttrendsofusers’selectionsandorderings

,analysisofcorrelationsbetweenadvertisementsandt

heireffects),remoteinstruction,digitalmuseums,new

seventanalysis[96],intelligentmanage-ment  of  

web  videos  (useful  video  search  and  

harmfulvideotracing),andvideosurveillance.Itistheb
roadrangeofapplicationsthatmotivatestheinterestsof

researchersworldwide.Thefollowingtwoexampleso

fresearchactivityareparticularlynoteworthy.1)Since

2001,theNationalInstituteofStandardsandTechnolo

gyhasbeensponsoringtheannualTextRetrievalConfe

rence(TREC)VideoRetrievalEvaluation(TRECVid)

topromoteprogressinvideoanalysisandretrieval.Sinc

e2003,TRECVidhasbeenindepen- 

dentofTREC.TRECVidprovidesalargescaletestcoll

ectionofvideos,anddozensofparticipantsapplytheirc

ontent-
basedvideoretrievalalgorithmstothecollection[260],

[263],[266].2)Thegoalofvideostandardsistoensurec

ompatibilitybetweendescriptioninterfacesforvideoc

ontentsinordertofacilitatethedevelopmentoffastand

accuratevideoretrievalalgorithms.Themainstandard 

 
sforvideosarethemovingpictureexpertsgroup(MPE

G)andtheTVAnytimeStandard[254].Thereexistman

yinvestigationsthatadopttheMPEG7toextractfeature

stoclassifyvideocontentsortodescribevideoobjectsin

thecompresseddomain[78]. 

A video may have an  auditory channel as well as a 

visual channel.  The available information  from  

videos  includes the following  [66],  [67]:  1)  

video  metadata,  which  are  tagged texts  

embedded  in  videos,  usually  including  title,  

summary, date,  ac-tors,  producer,  broadcast  

duration,  file  size,  video format,   copy-right,   
etc.;   2)   audio   information   from   the auditory  

channel;  3)  transcripts:  Speech  transcripts  can  

be obtained by speech recog-nition and caption 

texts can be read using   optical   character   

recognition   techniques;   4)   visual information  

contained  in  the  images  themselves  from  the 

visual channel. If the video is in-cluded in a web 

page, there are usually web page texts associated 

with  the video. In  this paper,  we  focus  on  the 

visual  contents of  videos  and  give a survey on 

visual content-based video indexing and retrieval. 
The   importance   and  popularity  of   

video  indexing   and retrieval have led to several 

survey papers, which are listed in Table  I,  

together  with  the  publication  years  and  topics.  

In general, each paper covers only a subset of the 

topics in video indexing and retrieval. For example, 

Smeaton et al. [263] give a good re-view of video 

shot boundary detection during seven years  of  the  

TRECVid  activity.  Snoek  and  Worring  [262] 

present  a  detailed  review  of  concept-based  

video  retrieval. They  emphasize  seman-tic  

concept  detection,  video  search using  semantic  
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concepts,  and  the  evaluation  of  algorithms using  

the  TRECVid  databases.  Ren  et  al.  [278]  

review  the state of the art of spatiotemporal 

semantic information-based video retrieval. 

Schoeffmann et al. [261] give a good review of 

interfaces and applications of video browsing 

systems. 
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TABLEI 

SURVEYS ON VIDEO INDEXING AND 

RETRIEVAL 

 
Fig.1.Genericframeworkforvisualcontent-

basedvideoindexingand retrieval. 

 

Unlikepreviousreviews,wegiveamoregeneralovervi
ewontheoverallprocessofavideoindexingandretriev

alframeworkwhichisoutlinedinFig.1.Theframework

includesthefollowing:1)structureanalysis:todetects

hotboundaries,extractkeyframes,andsegmentscenes

;2)featureextractionfromsegmentedvideounits(shot

sorscenes):Thesefeaturesincludestaticfeaturesinkey

frames,objectfeatures,motionfeatures,etc.;3)videod

ataminingusingtheextractedfeatures;4)videoannotat

ion:usingextractedfeaturesandminedknowledgetoui

ldasemanticvideoindex.Thesemanticindextogether

withthehighdimensionalindexofvideofeaturevector

sconstitutesthetotalindexforvideosequencesthatares

toredinthedatabase; 

5) query: the video database is searched for the 

desired videos using  the  index  and  the  video  

similarity measures;  6)  video browsing  and  

feedback:  The  videos  found  in  response  to  a 

query are returned to the user to browse in the form 

of a video sum-mary,   and   subsequent   search   

results   are   optimized through rel-evance 

feedback. In this paper, we review recent 
developments  and  analyze  future  open  

directions  in  visual content-based    video   

indexing   and   retrieval.   The   main contributions 

of this survey are as follows. 

1)  Video indexing and retrieval components are 

discussed in    a    clearly    organized    hierarchical    

manner,    and interlinks between these components 

are shown. 

2)  To  examine  the  state  of  the  art,  each  task  

involved  in visual   content-based  video  indexing  

and  retrieval   is divided  into  subprocesses  and  
various  categories  of approaches   to   the   

subprocesses   are   discussed.   The merits  and  

limitations  of  the  different  approaches  are 

summarized. For the tasks for which there exist 

surveys, we focus on reviewing recent papers as a 

supplement to the  previous  surveys.  For  the  

tasks  that  have  not  yet been specially surveyed, 

detailed reviews are given. 

3)  We discuss in detail future directions in visual 

content- based video indexing and retrieval. 

The  aforesaid  contributions  clearly distinguish  

our  survey from the existing surveys on video 
indexing and retrieval. To our knowledge, our 

survey is the broadest. 

The remainder of this paper is organized as 

follows: Section II briefly reviews the work related 

to video structure analysis. Sec-tion III addresses 

feature extraction. Section IV discusses video  data  

mining,  classification,  and  annotation.  Section  V 

describes   the   approaches   for   video   query   

and   retrieval. Section   VI   presents   video   

summarization   for   browsing. Section  VII 

analyzes possi-ble directions for  future research. 
Section VIII summarizes this paper. 

 

II.  VIDEOSTRUCTUREANALYSIS 

Generally,videosarestructuredaccordingtoadescend

inghierarchyofvideoclips,scenes,shots,andframes.V

ideostructureanalysisaimsatsegmentingavideointoa

numberofstructuralelementsthathavesemanticconte

nts,includingshotboundary 

detection,keyframeextraction,andscenesegmentatio

n. 

 

A. Shot Boundary Detection 
A shot  is a  consecutive sequence of  frames 

captured  by a camera action  that takes place 
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between  start and  stop  opera- tions, which mark 

the shot boundaries [10]. There are strong content  

correlations  between  frames  in  a  shot.  

Therefore, shots are considered  to be the 

fundamental units to organize the con-tents of 

video sequences and the primitives for higher level 

semantic annotation and retrieval tasks. Generally, 

shot bound-aries   are   classified   as   cut   in   

which   the   transition between  suc-cessive  shots  

is  abrupt  and  gradual  transitions which include 
dissolve, fade in, fade out, wipe, etc., stretching 

over a num-ber of frames. Cut detection is easier 

than gradual transition detection. 

The research on shot boundary detection has a long 

history, and  there  exist  specific  surveys  on   

video  shot   boundary detection   [16],   [263].   

For   completeness,   we   only  briefly introduce 

the basic  categories of  methods for  shot  

boundary detection  and  their  merits  and  

limitations,  and  review  some recent papers as a 

supplement to [16] and [263]. 
Methodsforshotboundarydetectionusuallyfirstextra

ctvisualfeaturesfromeachframe,thenmeasuresimilar

itiesbetweenframesusingtheextractedfeatures,and,fi

nally,detectshotboundariesbetweenframesthataredi

ssimilar.Inthefollowing,wediscussthemainthreestep

sinshotboundarydetection:featureextraction,similar

itymeasurement[113],anddetection.Thefeaturesuse

dforshotboundarydetectionincludecolorhistogram[

87]orblockcolorhistogram,edgechangeratio,motion

vectors[85],[163],togetherwithmorenovelfeaturess

uchasscaleinvariantfeaturetransform[83],cornerpoi

nts[82],informationsaliencymap[77],etc.Colorhisto
gramsarerobusttosmallcameramotion,buttheyareno

tabletodifferentiatetheshotswithinthesamescene,an

dtheyaresensitivetolargecameramotions.Edgefeatur

esaremoreinvarianttoilluminationchangesandmotio

nthancolorhistograms,andmotionfeaturescaneffecti

velyhandletheinfluenceofobjectandcameramotion.

However,edgefeaturesandmotionfeaturesaswellas

morecomplicatedfeaturescannotingeneraloutperfor

mthe simplecolorhistograms[16]. 

Tomeasuresimilaritybetweenframesusingtheextract

edfeaturesisthesecondsteprequiredforshotboundary
de-

tection.Currentsimilaritymetricsforextractedfeature

vectorsincludethe1normcosinedissimilarity,theEucl

ideandistance,thehistogramintersection,andthechis

quaredsimilar-ity[11],[12], 

[191],aswellassomenovelsimilaritymeasuressuchas

theearthmover’sdistance[87]andmutualinformation

[68],[72],[207].Thesimilaritymeasuresincludepair-

wisesimilaritymeasuresthatmeasurethesimilaritiesb

etweenconsecutiveframesandwindowsimilaritymea

suresthatmeasuresimilaritiesbetweenframeswithina

window[191].Windowbasedsimilaritymeasuresinc
orporatecontextualinformationtoreducetheinfluenc

eoflocalnoisesordisturbances,buttheyneedmore 

computationthanthepair-

wisesimilaritymeasures.Using   the   measured   

similarities   between   frames,   shot bound-aries 

can be detected. Current shot boundary detection 

ap-proaches   can   be   classified   into   threshold-

based   and statistical learning-based. 

1)Threshold-BasedApproach:Thethreshold-

basedapproachdetectsshotboundariesbycomparingt

hemeasuredpair- 

wisesimilaritiesbetweenframeswithapredefinedthre
sh-old 

[47],[180]:Whenasimilarityislessthanthethreshold,a 

boundaryisdetected.Thethresholdcanbeglobal,adapt

ive,or 

globalandadaptivecombined.1)Theglobalthreshold-

basedalgorithmsusethesamethreshold,whichisgener

allysetempirically,overthewholevideo,asin[180].Th

emajorlimitationoftheglobalthresholdbasedalgorith

msisthatlocalcontentvariationsarenoteffectivelyinc

orporatedintotheesti-mationof 

theglobalthreshold,thereforeinfluencingthebound-
ary detectionaccuracy.2)Theadaptivethreshold-

basedalgorithms[77],[87],[207]computethethreshol

dlocallywithinaslidingwindow.Detectionperforman

ceisoftenimprovedwhenanadaptivethresholdisusedi

nsteadofaglobalthreshold[65].However,estimationo

ftheadaptivethresholdismoredifficultthanestimation

oftheglobalthresholdandusersarerequiredtobemoref

amiliarwithcharacteristicsofvideosinordertochoose

parameterssuchasthesizeoftheslidingwindow.3)Glo

balandadaptivecombinedalgorithmsadjustlocalthres

holds,takingintoaccountthevaluesoftheglobalthresh

olds.Quenotetal.[264]definethethresholdsforcuttran
sitionde-tection,dissolve 

transitiondetection,andflashdetectionasthe 

functionsoftwoglobalthresholdsthatareobtainedfro

matradeoffbetweenrecallandprecision.Althoughthis

algorithmonlyneedstotunetwoglobalthresholds,thev

aluesofthefunctionsarechangedlocally.Thelimitatio

nofthisalgorithmisthatthefunctionalrelationsbetwee

nthetwoglobalthresholdsandthelocallyadaptivethres

holdsarenoteasytodetermine. 

2)StatisticalLearning-

BasedApproach:Thestatistical learning-
basedapproachregardsshotboundarydetectionasa 

classificationtaskinwhichframesareclassifiedasshot

changeornoshotchangedependingonthefeaturesthatt

heycontain. 

Supervisedlearningandunsupervisedlearningarebot

hused. 

a)  Supervised learning-based classifiers: The most 

com- monly used supervised classifiers for shot 

boundary detection are the support vector machine 

(SVM) and Adaboost. 

1)SVM[11],[21]:Chavezetal.[84]usetheSVMasatw

oclassclassifiertoseparatecutsfromnoncuts.Akernel
functionisusedtomapthefeaturesintoahighdimensio

nalspaceinordertoovercometheinfluenceofchangesi
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nilluminationandfastmovementofobjects.Zhaoetal.[

61]exploittwoSVMclassifiers,inaslidingwindow,to

detect 

cutsandgradualtransitions,respectively.Lingetal.[58

]firstextractseveralfeaturesfromeachframe,andthen

usetheSVMtoclassifytheframesusingthesefeaturesi

ntothreecategories:cut,gradualtran-

sition,andothers.Yuan 

etal.[16]andLiuetal.[72]com-binethethreshold-

basedmethodwithanSVM-basedclas-
sifier.First,thecandidate 

boundariesareselectedusingthethresholdbasedmeth

od,andthentheSVMclassifierisusedtoverifytheboun

daries.TheSVM-basedalgo-rithmsarewidelyused 

forshotboundarydetection[265]becauseoftheir 

followingmerits. 

a)  They can fully utilize the training information 

and maintain good generalization. 

b)  They can deal efficiently with a large number of 

features by the use of kernel functions. 

c)  Many good SVM codes are readily available. 
2)  Adaboost:   Herout   et   al.   [63]  make  cut   

detection   a pattern    recognition    task    to    

which    the    Adaboost algorithm  is  ap-plied.  

Zhao  and  Cai  [85]  apply  the Adaboost  

algorithm  to  shot  boundary  detection  in  the 

compressed domain. The color  and motion  

features are roughly classified first us-ing a fuzzy 

classifier, and then each  frame is classified as a 

cut, gradual, or no change frame using the 

Adaboost classifier. The main  merit of the   

Adaboost   boundary   clas-sifiers   is   that   a   

large number  of  features  can  be  handled:  These  
classifiers select a part of features for boundary 

classification. 

3)  Others: Other supervised learning algorithms 

have been employed  for  shot  boundary  detection.  

For  instance, Cooper  et  al.  [191]  use  the  binary  

k  nearest-neighbor (kNN) classifier, where the 

similarities between  frames within the particular 

temporal interval are used as its in- put.  Boreczky 

and  Wilcox  [121]  apply hidden  Markov (HMM) 

models with separate states to model shot cuts, 

fades, dissolves, pans, and zooms. 
The merits of the aforementioned supervised-

learning ap- proaches are that there is no need to set 

the thresholds usedin the threshold-based 

approaches, and different types of fea- tures can be 

combined to improve the detection accuracy. The 

limitation is their heavy reliance on a well-chosen 

training set containing both positive and negative 

examples. 

b)Unsupervisedlearningbasedalgorithms:Theunsup

ervisedlearningbasedshotboundarydetectionalgorit

hmsareclassifiedintoframesimilarity-

basedandframe-based.Theframesimilarity-
basedalgorithmsclusterthemeasurementsof 

similaritybetweenpairsofframesintotwoclusters:the

clus-ter 

withlowervaluesofthesimilaritiescorrespondstoshot 

boundariesandtheclusterwithhighervaluesofthesimi

laritiescorrespondstononboundaries.Clusteringalgo

rithmssuchasKmeansandfuzzyKmeans[64]havebee

nused.Theframebasedalgorithmstreateachshotasacl

usterofframesthathavesimilarvisualcontent.Change

tal.[83]useclusteringensemblestogroupdifferentfra

mesintotheircorrespondingshots.Luetal.[12]useKm

eansclustering,andDamnjanovicetal.[57]usespectra
lclusteringtoclusterframestodetectthedifferentshots.

Themeritofclusteringbasedapproachesisthatthetrain

ingdatasetisnotneeded.Theirlimitationsarethattemp

oralsequenceprogressioninformationisnotpreserved

,andtheyareinefficientinrecognizingthedifferenttyp

esofgradualtransition. 

Shotboundarydetectionapproachescanbeclassifiedi

ntoun- compresseddomain-

basedandcompresseddomain-

based.Toavoidtimeconsumingvideodecompression,

thefeaturesavailableinthecompresseddomainsuchas
discretecosinetransformcoefficients,DCimageand

MBtypes,andmotionvectorscanbedirectlyemployed

forshotboundarydetection[40],[60],[85].However,t

hecompresseddomainbasedapproachishighlydepen

dentonthecompressionstandards,anditislessaccurate

than theuncompresseddomain-basedapproach. 

Recently,  the detection  of gradual  transitions has 

received more attention. Ngo [41] detects dissolves 

based on multires- olution analysis. Yoo et al. 

[131] detect gradual transitions ac- cording to the 

variance distribution curve of edge information in 

frame sequences. 
 

B.  Key Frame Extraction 

Therearegreatredundanciesamongtheframesinthesa

meshot;therefore,certainframesthatbestreflectthesh

otcontents 

areselectedaskeyframes[15],[39],[170],[193]tosucc

inctlyrepresenttheshot.Theextractedkeyframesshou

ldcontainasmuchsalientcontentoftheshotaspossible

andavoidasmuchredundancyaspossible.Thefeatures

usedforkeyframeextractionincludecolors(particular

lythecolorhistogram),edges,shapes,opticalflow,MP
EG7motiondescriptorssuchemporalmotionintensity

andspatialdistributionofmotionactivity[206],MPEG

discretecosinecoefficientandmotionvec-tors 

[202],cameraactivity,andfeaturesderivedfromimage 

variationscausedbycameramotion[161],[208]. 

Referringto[39],currentapproachestoextractkeyfra

mesare 

classifiedintosixcategories:sequentialcomparison-

based,globalcomparison-based,referenceframe-

based,clustering-based,curvesimplification-

based,andobject/event-based.1)  Sequential 

Comparison Between Frames: In these algo- 
rithms, frames subsequent to a previously extracted 

key frame are  sequentially compared  with  the  
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key  frame  until  a  frame which  is very different 

from the key frame is obtained. This frame is 

selected as the next key frame. For instance, Zhang 

et al. [209] used the color histogram difference 

between the cur- rent frame and the previous key 

frame to extract key frames. Zhang et al. [210] use 

the accumulated energy function com- puted from 

image-block displacements across two successive 

frames to measure the distance between frames to 

extract key frames. The merits of the sequential 
comparison-based  algo- rithms     include     their     

simplicity,     intuitiveness,     low computational  

complexity,  and  adaptation  of  the  number  of 

key frames to the length of the shot. The limitations 

of these algorithms include the following. 1) The 

key frames represent local properties of the shot 

rather than the global properties. b) The  irregular  

dis-tribution  and  uncontrolled  number  of  key 

frames make these algorithms unsuitable for 

applications that need an even dis-tribution or a 

fixed number of key frames. c) Redundancy  can  
occur  when  there  are  contents  appearing 

repeatedly in the same shot. 

2)  Global  Comparison  Between  Frames:  The  

algorithms based   on   global   differences   

between   frames   in   a   shot distribute  key  

frames  by  minimizing  a  predefined  objective 

function  that  depends  on  the  application.  In  

general,  the objective function has one of the 

following four forms [39]. 

1)Eventemporalvariance:Thesealgorithmsselectkey

framesinashotsuchthattheshotsegments,eachofwhic

hisrepresentedbyakeyframe,haveequaltemporalvari
ance.Theobjectivefunctioncanbechosenasthesumof

differencesbetweentemporalvariancesofallthesegm

ents.Thetemporalvarianceinasegmentcanbeapproxi

matedbythecumulativechangeofcontentsacrosscons

ecutiveframesinthesegment[208]orbythedifference

betweenthefirstandlastframesinthesegment.Forinst

ance,Divakaranetal.[211]obtainkeyframesbydividi

ngtheshotintosegmentswithequalcumulativemo-

tionactivityusingtheMPEG-

7motionactivitydescriptor,andthen,theframelocated

atthehalfwaypointofeach 
segmentisselectedasakeyframe. 

2)Maximumcoverage:Thesealgorithmsextractkeyfr

ames 

bymaximizingtheirrepresentationcoverage,whichist

he 

numberofframesthatthekeyframescanrepresent[39].

Ifthenumberofkeyframesisnotfixed,thenthesealgori

thmsminimizethenumberofkeyframessubjecttoapre

definedfidelitycriterion;alternatively,ifthenumberof

keyframesisfixed,thealgorithmsmaximizethenumbe

rofframesthatthekeyframescanrepresent[212],[213]

.Forinstance,Changetal.[214]specifythecoverageof
akeyframeasthenumberoftheframesthatarevisuallys

imilartothekeyframe.Agreedyalgorithmisusediterat

ivelyto findkeyframes. 

3)Minimumcorrelation:Thesealgorithmsextractkey

framestominimizethesumofcorrelationsbetweenkey

frames 

(especiallysuccessivekeyframes),makingkeyframes

asuncorrelatedwitheachotheraspossible.Forinstance

,Porteretal.[215]representframesinashotand 

their  correlations using a  directed  weighted  

graph.  The shortest path in the graph is found and 
the vertices in the shortest path which corresponds 

to minimum correlation between frames designate 

the key frames. 

4)Minimumreconstructionerror:Thesealgorithmsex

tractkeyframestominimizethesumofthedifferencesb

etween 

eachframeanditscorrespondingpredictedframerecon

-structedfromthesetofkeyframesusinginterpolation. 

Thesealgorithmsareusefulforcertainapplications,su

chasanimation.LeeandKim[216]useaniterativeproc

e-dure 
toselectapredeterminednumberofkeyframes,inorder

toreducetheshotreconstructionerrorasmuchaspossib

le. 

Liuetal.[217]proposeakeyframeselectionalgorithm

basedontheextenttowhichkeyframesrecordthemotio

n duringtheshot.Inthealgorithm,aninertia-

basedframe 

interpolationalgorithmisusedtointerpolate 

frames. 

Themeritsoftheaforesaidglobalcomparison-

basedalgo- 

rithmsincludethefollowing.1)Thekeyframesreflectt
heglobal 

characteristicsoftheshot.2)Thenumberofkeyframesi

scon- 

trollable.3)Thesetofkeyframesismoreconciseandles

sre- 

dundantthanthatproducedbythesequentialcomparis

on-based 

algorithms.Thelimitationoftheglobalcomparison-

basedal- 

gorithmsisthattheyaremorecomputationallyexpensi

vethanthe sequentialcomparison-basedalgorithms. 
3)  Reference Frame: These algorithms generate a 

reference frame and then extract key frames by 

comparing the frames in the shot  with  the 

reference frame.  For  instance,  Ferman  and 

Tekalp  [204]  construct  an  alpha-trimmed  

average  histogram de-scribing  the  color  

distribution  of  the  frames  in  a  shot. Then, the 

distance between the histogram of each frame in 

the shot  and  the alpha-trimmed  average 

histogram  is calculated. Key frames are located 

using the distribution  of the distance curve. Sun et 

al. [205] construct a maximum occurrence frame 
for  a  shot.  Then,  a  weighted  distance  is  

calculated  between each frame in the shot and the 
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constructed frame. Key frames are extracted at the 

peaks of the distance curve. The merit of the 

reference frame-based algorithms is that they are 

easy to understand and implement. The limitation 

of these algorithms is that  they de-pend  on  the 

reference frame:  If the reference frame  does  not  

adequately  represent  the  shot,  some  salient 

contents in the shot may be missing from the key 

frames. 

4)Clustering:Thesealgorithmsclusterframesandthen 
chooseframesclosesttotheclustercentersasthekeyfra

mes. 

GirgensohnandBoreczky[199]selectkeyframesusin

gthe 

completelinkmethodofhierarchicalagglomerativecl

usteringin 

thecolorfeaturespace.Yuetal.[200]extractkeyframes

us-ing thefuzzyK-

meansclusteringinthecolorfeaturesubspace. 

Gibsonetal.[201]useGaussianmixturemodels(GM

M)inthe 
eigenspaceoftheimage,inwhichthenumberofGMMc

om- 

ponentsistherequirednumberofclusters.Themeritsof

the 

clusteringbasedalgorithmsarethattheycanusegeneri

cclusteringalgorithms,andtheglobalcharacteristicso

favideocanbeeflectedintheextractedkeyframes.Thel

imitationsofthesealgorithmsareasfollows:First,they

aredependentontheclusteringresults,butsuccessfula

cquisitionofsemanticmeaningfulclustersisverydiffic

ult,especiallyforlargedata,andsecond,the sequential 

nature of the video cannot be naturally utilized: 
Usually, clumsy tricks are used to ensure that 

adjacent frames are likely to be assigned to the 

same cluster. 

5)  Curve  Simplification:  These  algorithms  

represent  each frame in a shot as a point in the 

feature space. The points are linked in  the 

sequential order  to form a  trajectory curve and 

then searched to find a set of points which best 

represent the shape  of  the  curve.  Calic  and  

Izquierdo  [218]  generate  the frame  difference  

metrics  by  analyzing  statistics  of  the  mac- 
roblock   features   extracted   from   the   MPEG   

compressed stream.  The  key  frame  extraction  

method  is  implemented using differ-ence metrics 

curve simplification  by the discrete contour   evo-

lution   algorithm.   The   merit   of   the   curve 

simplification-based    algorithms    is    that    the    

sequential information  is  kept  during  the  key  

frame  extraction.  Their limitation is that 

optimization of the best representation of the curve 

has a high computational complexity. 

6)Objects/Events:Thesealgorithms[192]jointlycons

iderkeyframeextractionandobject/eventdetectionin
ordertoensurethattheextractedkeyframescontaininf

ormationaboutobjectsorevents.CalicandThomas[19

6]usethepositionsof 

regionsobtainedusingframesegmentationtoextractk

eyframeswhereobjectsmerge.KimandHwang[197]u

seshapefeaturestoextractkeyframesthatcanrepresent

changesofhumangestures.LiuandFan[194]selectinit

ialkeyframesbasedonthecolorhistogramandusethese

lectedkeyframestoestimateaGMMforobjectsegment

ation.ThesegmentationresultsandthetrainedGMMar

efurtherusedtorefinetheinitialkeyframes.SongandF

an[195]proposeajointkeyframeextractionandobject
segmentationmethodbyconstructingaunifiedfeature

spaceforbothprocesses,wherekeyframeextractonisf

ormulatedasafeatureselectionprocessforobjectsegm

entationinthecontextofGMMbasedvideomodeling.

Liuetal.[203]proposeatrianglemodelofperceivedmo

tionenergyformotionpatternsinvideos.Theframesatt

heturningpointsofthemotionaccelerationandmotion

decelerationareselectedaskeyframes.HanandKweo

n[220]extractkeyframesbythemaximumcurvatureof

cameramotionateachtemporalscale.Thekeyframesp

rovidetemporalinterestpointsforclassificationofvide
oevents.Themeritoftheobject/eventbasedalgorithms

isthattheextractedkeyframesaresemanticallyimport

ant,re-flectingobjectsorthemotionpatterns 

ofobjects.Thelimitationofthesealgorithmsisthatobje

ct/event 

detectionstronglyreliesonheuristicrulesspecifiedacc

ordingtotheapplication.Asaresult,thesealgorithmsar

eefficientonly 

whentheexperimentalsettingsarecarefullychosen. 

Becauseofthesubjectivityofthekeyframedefinition,t

hereis 

nouniformevaluationmethodforkeyframeextraction
.In 

general,theerrorrateandthevideocompressionratioar

eusedasmeasurestoevaluatetheresultofkeyframeextr

action.Keyframesgivinglowerrorratesandhighcomp

ressionratesarepreferred.Ingeneral,alowerrorrateisa

ssociatedwithalowcompressionrate.Theerrorratede

pendsontheparametersinthekeyframeextractionalgo

rithms.Examplesoftheseparametersarethethreshold

sinsequentialcomparisonbased,globalcomparisonba

sed,referenceframebased,andclusteringbasedalgorit

hms,aswellastheparameterstofitthecurveinthecurve
simplification-based algorithms. Users choose the 

parameters according to the error rate that can be 

tolerated. 

 

C. Scene Segmentation 

Scenesegmentationisalsoknownasstoryunitsegment

ation. 

Ingeneral,asceneisagroupofcontiguousshotsthatare

co- 

herentwithacertainsubjectortheme.Sceneshavehigh

erlevelsemanticsthanshots.Scenesareidentifiedorse

gmentedoutbygroupingsuccessiveshotswithsimilar
contentintoameaningfulsemanticunit.Thegrouping
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maybebasedoninformationfrom 

texts,images,ortheaudiotrackinthevideo. 

According  to  shot  representation,  scene  

segmentation  ap- proaches  can  be  classified  into  

three  categories:  key  frame- based,  audio  and  

visual  information  integration-based,  and 

background-based. 

1)  Key   Frame-Based   Approach:   This   

approach   [145] repre-sents each video shot by a 

set of key frames from which fea-tures  are  
extracted.  Temporally  close  shots  with  similar 

features are grouped into a scene. For instance, 

Hanjalic et al. [140]    compute   similarities    

between    shots    using   block matching  of  the  

key  frames.  Similar  shots  are  linked,  and scenes  

are  seg-mented  by  connecting  the  overlapping  

links. Ngo  et  al.  [144]  extract  and  analyze  the  

motion  trajectories encoded in the tem-poral slices 

of image volumes. A motion- based key frame se-

lection strategy is, thus, used to compactly 

represent   shot   con-tents.   Scene   changes   are   
detected   by measuring the similarity of the key 

frames in the neighboring shots. The limitation of 

the key frame-based approach is that key frames 

cannot effec-tively represent the dynamic contents 

of shots,  as shots within  a  scene are generally 

correlated  by dynamic contents within the scene 

rather than  by key frame- based similarities 

between shots. 

2)  Audio and Vision Integration-Based Approach: 

This ap- proach  selects  a  shot  boundary  where  

the  visual  and  audio con-tents  change  

simultaneously  as  a  scene  boundary.  For 
instance, Sundaram and Chang [147] detect audio 

scenes and video scenes separately. A time-

constrained nearest neighbor algorithm  is used  to 

determine the correspondences between these two 

sets of scenes. The limitation of the audio and 

visual integration-based  approach  is  that it  is 

difficult  to determine the relation between audio 

segments and visual shots. 

3)Background-

BasedApproach:Thisapproachsegments 

scenesundertheassumptionthatshotsbelongingtothe
same 

sceneoftenhavesimilarbackgrounds.Forinstance,Ch

enetal.[139]useamosaictechniquetoreconstructtheb

ackgroundofeachvideoframe.Then,thecolorandtext

uredistributionsofallthebackgroundimagesinashotar

eestimatedtodeterminetheshotsimilarityandtherules

offilmmakingareusedtoguidetheshotgroupingproce

ss.Thelimitationofthebackgroundbasedapproachist

heassumptionthatshotsinthesamescenehavesimilarb

ackgrounds:sometimesthebackgroundsinshotsina 

scenearedifferent. 

According to the processing method, current scene 
segmen- tation   approaches   can   be   divided   

into   four   categories: merging-based,  splitting-

based,  statistical  model-based,  and shot bound-

ary classification-based. 

a)  Merging-based  approach:  This  approach  

gradually merges  similar  shots  to  form  a  scene  

in  a  bottom-up  style. Rasheed  and  Shah  [133]  

propose  a  two-pass  scene  segmen- tation 

algorithm. In the first pass, oversegmentation of 

scenes is carried  out  using  backward  shot  

coherence.  In  the second pass,  the  

oversegmented  scenes  are  identified  using  
motion analysis  and  then  merged.  Zhao  et  al.  

[134]  propose  a  best first  model-merging  

algorithm  for  scene  segmentation.  The algorithm 

takes each shot as a hidden state and loops upon the 

boundaries be-tween consecutive shots by a left-

right HMM. 

b)  Splitting-based  approach:  This  approach  

splits  the whole  video into separate coherent  

scenes using  a  top-down style. For  instance, 

Rasheed and Shah  [136] construct a shot similarity 

graph for a video and partition the graph using nor- 
malized cuts. The subgraphs represent individual 

scenes in the video.   Tavanapong   and   Zhou   

[138]   introduce   a   scene definition for narrative 

films and present a technique to cluster relevant 

shots into a scene using this definition. 

c)Statisticalmodel-

basedapproach:Thisapproachcon- 

structsstatisticalmodelsofshotstosegmentscenes.Zh

aiand 

Shah[132]usethestochasticMonteCarlosamplingtos

imu-late 

thegenerationofscenes.Thesceneboundariesareupda
tedby 

diffusing,merging,andsplittingthesceneboundariese

sti-mated 

inthepreviousstep.TanandLu[137]usetheGMMtocl

uster 

videoshotsintoscenesaccordingtothefeaturesofin-

dividualshots.EachsceneismodeledwithaGaussiand

ensity.Guetal.[149]defineaunifiedenergyminimizati

onframe-

workinwhichtheglobalcontentconstraintbetweenind

ividualshotsandthelocaltemporalconstraintbetween
adjacentshotsareboth 

represented.Aboundaryvotingproceduredecidesthe

optimal sceneboundaries. 

d)Shotboundaryclassification-basedapproach:Inthis 

approach,featuresofshotboundariesareextractedand

thenused 

toclassifyshotboundariesintosceneboundariesandno

n-scene boundaries.Goelaetal.[148]presentagenre-

independentmethodtodetectsceneboundariesinbroa

dcastvideos.Intheirmethod,scenesegmentationisbas

edonaclassificationwiththetwoclassesof―scenecha

nge‖and―nonscenechange.‖AnSVMisusedtoclassif
ytheshotboundaries.Handlabeledvideoscenebounda
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riesfromavarietyofbroadcastgenresareusedtogenera

tepositiveandnegativetrainingsamplesfortheSVM. 

The  common  point  in  the  merging-based,  

splitting-based, and statistical model-based 

approaches is that the similarities be-tween 

different shots are used to combine similar shots 

into scenes.  This  is  simple  and  intuitive.  

However,  in  these  ap- proaches,  shots  are  

usually  represented  by  a  set  of  selected key 

frames, which often fail to represent the dynamic 
contents of the shots. As a result, two shots are 

regarded as similar, if their  key  frames  are  in  the  

same  environment  rather  than  if they  are  

visually  similar.  The  shot  boundary  

classification- based approach takes advantage of 

the local information about shot   boundaries.   This   

ensures   that   algorithms   with   low compu-

tational complexities are easy to obtain. However, 

lack of  global   information   about   shots   

inevitably  reduces   the accuracy of scene 

segmentation. 
It is noted that most current approaches for scene 

segmenta- tion exploit the characteristics of 

specific video domainssuchas movies, TVs, and 

news broadcasts [150], [152], [153], for example, 

using the production rules by which  movies or  TV 

shows are composed. The accuracy of scene 

segmentation is improved, but it is necessary to  

construct a priori model for each application. 

 

 

 

III.  FEATUREEXTRACTION 
To extract features according to video structural 

analysis re- sults is the base of video indexing and 

retrieval. We focus on the  visual  features  suitable  

for  video  indexing  and  retrieval. These  mainly  

include  features  of  key  frames,  objects,  and 

motions. Auditory features and text features are not 

covered. 

 

A. Static Features of Key Frames 

Thekeyframesofavideoreflectthecharacteristicsofth

evideotosomeextent.Traditionalimageretrievaltech
niquescan 

beappliedtokeyframestoachievevideoretrieval.Thes

tatickey 

framefeaturesusefulforvideoindexingandretrievalar

emainlyclassifiedascolor-based,texture-

based,andshape-based. 

1)ColorBasedFeatures:Colorbasedfeaturesincludec

olorhistograms,colormoments,colorcorrelograms,a

mixtureofGaussianmodels,etc.Theexactionofcolorb

asedfeaturesdependsoncolorspacessuchasRGB,HS

V,YCbCrandnormalizedr-

g,YUV,andHVC.Thechoiceofcolorspacede-
pendsontheapplications.Colorfeaturescanbeextract

edfrom 

theentireimageorfromimageblocksintowhichtheenti

reimageispartitioned.Colorbasedfeaturesarethemos

teffectiveimagefeaturesforvideoindexingandretriev

al.Inparticular,colorhistogramandcolormomentsare

simplebutefficientdescriptors.Amiretal.[222]comp

utecolorhistogramandcolormomentsforvideoretriev

alandconceptdetection.YanandHauptmann[229]firs

tsplittheimageinto5×5blockstocapturelocalcolorinf

ormation.Thenineachblock,colorhistogramandcolor

momentsareextractedforvideoretrieval.Adcocketal.
[226]usecolorcorrelogramstoimplementavideosear

chengine.Themeritsofcolorbasedfeaturesarethatthe

yreflecthumanvisualperception,theyareeasytoextra

ct,andtheirextractionhaslowcomputationalcomplexi

ty.Thelimitationofcolorbasedfeaturesisthattheydon

otdirectlydescribetex-ture,shape,etc., 

andare,thus,ineffectivefortheapplicationsinwhichte

xtureor shapeisimportant. 

2)Texture-BasedFeatures:Texture-

basedfeaturesareob-ject surface-

ownedintrinsicvisualfeaturesthatareindepen-
dentofcolororintensityandreflecthomogenouspheno

menainimages.Theycontaincrucialinformationabou

ttheorga-

nizationofobjectsurfaces,aswellastheircorrelations

withthesurroundingenvironment.Texturefeaturesin

commonuseincludeTamurafeatures,simultaneousau

toregressivemodels,orientationfeatures,wavelettran

sformationbasedtexturefeatures,cooccurrencematri

ces,etc.Amiretal.[222]usecooccurrencetextureandT

amurafeaturesincludingcoarseness,contrastanddire

ctionalityfortheTRECVid-2003videore-trievaltask. 

Hauptmannetal.[223]useGaborwaveletfilterstocapt
ure 

textureinformationforavideosearchengine.Theydesi

gn12 

orientedenergyfilters.Themeanandvarianceofthefilt

ered 

outputsareconcatenatedintoatexturefeaturevector.H

auptmann et al. [228] divide the image into 5×5 

blocks and compute texture features using  Gabor-

wavelet  filters in  each block. The merit of texture-

based features is that they can be effectively    

applied    to    applications    in    which    texture 
information  is salient in  videos.  However,  these 

features are unavailable in nontexture video 

images. 

3)  Shape-Based  Features:  Shape-based  features  

that  de- scribe object shapes in the image can be 

extracted from object contours or regions. A 

common approach is to detect edges in images and 

then describe the distribution of the edges using a 

histogram. Hauptmann et al. [223] use the edge 

histogram de- scriptor (EHD) to capture the spatial 

distribution of edges for the   video   search   task   

in   TRECVid-2005.   The   EHD   is computed by 
counting the number of pixels that contribute to the  

edge  according  to  their  quantized  directions.  To  
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capture local shape features, Foley et al. [224] and 

Cooke et al. [225] first divide the image into 4×4 

blocks and then extract a edge histogram  for  each  

block.  Shape-based  features are effective for  

applications  in  which  shape  information  is  

salient  in videos. However, they are much more 

difficult to extract than color- or texture-based 

features. 

 

B.  Object Features 
Objectfeaturesincludethedominantcolor,texture,,siz

e,etc.,oftheimageregionscorrespondingtotheobjects

.Thesefeaturescanbeusedtoretrievevideoslikelytoco

ntainsimilarobjects[17].Facesareusefulobjectsinma

nyvideoretrievalsystems.Forexample,Sivicetal.[18]

constructapersonretrievalsystemthatisabletoretrieve

arankedlistofshotscontaininga 

particularperson,givenaqueryfaceinashot.Leetal.[1

9] 

proposeamethodtoretrievefacesinbroadcastnewsvid

eosby 
integratingtemporalinformationintofacialintensityi

nfor- 

mation.Textsinavideoareextractedasonetypeofobje

ctto 

helpunderstandvideocontents.LiandDoermann[20]i

mplementtextbasedvideoindexingandretrievalbyex

pandingthesemanticsofaqueryandusingtheGlimpse

matchingmethodtoperformapproximatematchingin

steadofexactmatching.Thelimitationofobjectbasedf

eaturesisthatidentificationofobjectsinvideosisdiffic

ultandtimeconsuming.Currental-

gorithmsfocusonidentifyingspecifictypesofobjects,
suchasfaces, 

ratherthanvariousobjectsinvariousscenes. 

 

C. Motion Features 

Motionistheessentialcharacteristicdistinguishingdy

namicvideosfromstillimages.Motioninformationrep

resentsthevisualcontentwithtemporalvariation.Moti

onfeaturesareclosertosemanticconceptsthanstaticke

yframefeaturesandobjectfeatures.Videomotionincl

udesbackgroundmotioncausedbycameramotionand

foregroundmotioncausedbymovingobjects.Thus,m
otionbasedfeaturesforvideoretrievalcanbedividedin

totwocategories:camerabasedandobjectbased.Forca

merabasedfeatures,differentcameramotions,suchas

―zoominginorout,‖―panningleftorright,‖and―tilti

ngupordown,‖areestimatedandusedforvideoindexin

g.Videoretrievalusingonlycamerabasedfeatureshast

helimitationthattheycannot 

describemotionsofkeyobjects. 

Object-based   motion   features   have   attracted   

much   more interest  in  recent  work.  Object-

based  motion  features can be further  clas-sified  

into  statistics-based,  trajectory-based,  and 
objects’ spatial relationships-based. 

1)  Statistics-Based:  Statistical  features  of  the  

motions  of points in  frames in a video are 

extracted to model the distri- bution  of global  or  

local  motions in  the video.  For  instance, Fablet  

et  al.  [233]  use causal  Gibbs models to represent  

the spatiotemporal distribution of appropriate local 

motion-related measurements computed after 

compensating for the estimated dominant  image  

motions  in  the  original  sequence.  Then,  a gen-

eral statistical framework is developed for video 
indexing and  retrieval.  Ma  and  Zhang  [234]  

transform  the  motion vector field to a number of 

directional slices according to the energy of the 

motion. These slices yield a set of moments that 

form  a  mul-tidimensional  vector  called  motion  

texture.  The motion  texture  is  used  for  motion-

based  shot  retrieval.  The merit  of  statistics-

based  features  is  that  their  extraction  has low   

computational   complexity.   The   limitation   of   

these features is they cannot rep-resent object 

actions accurately and cannot characterize the re-
lations between objects. 

2)Trajectory-Based:Trajectory-

basedfeatures[22]areex- 

tractedbymodelingthemotiontrajectoriesofobjectsin

videos. 

Changetal.[236]proposeanonlinevideoretrievalsyst

em supportingautomaticobject-

basedindexingandspatiotemporal 

queries.Thesystemincludesalgorithmsforautomated

video 

objectsegmentationandtracking.Bashiretal.[237]pre

senta motiontrajectory-
basedcompactindexingandefficientretrieval 

mechanismforvideosequences.Trajectoriesarerepre

sentedby 

temporalorderingsofsubtrajectories.Thesubtrajector

iesarethen 

representedbytheirprincipalcomponentanalysiscoef

-ficients. 

ChenandChang[238]usewaveletdecompositiontose

gment 

eachtrajectoryandproduceanindexbasedonvelocityf

eatures. 
Jungetal.[25]basetheirmotionmodelonpolynomialc

urve 

fitting.Themotionmodelisusedasanindexingkeytoac

cess 

individualobjects.Suetal.[26]constructmotionflows

from 

motionvectorsembeddedinMPEGbitstreamstogener

ate 

continualmotioninformationintheformofatrajectory

.Givena 

trajectory,thesystemretrievesasetoftrajectoriesthata

resim- 
ilartoit.Hsiehetal.[27]dividetrajectoriesintoseverals

mall 
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segments,andeachsegmentisdescribedbyasemantics

ymbol. 

Adistancemeasurecombininganeditdistanceandavis

ual 

distanceisexploitedtomatchtrajectoriesforvideoretri

eval.The meritoftrajectory-

basedfeaturesisthattheycandescribeobject 

actions.Thelimitationofthesefeaturesisthattheirex-

traction 

dependsoncorrectobjectsegmentationandtrackingan
d 

automaticrecordingoftrajectories,allofwhicharestill

very challengingtasks. 

3)Objects’Relationship-

Based:Thesefeaturesdescribe 

spatialrelationshipsbetweenobjects.Bimboetal.[235

]de- 

scriberelationshipsbetweenobjectsusingasymbolicr

epre- 

sentationschemewhichisappliedtovideoretrieval.Ya

jimaet 
al.[24]querythemovementsofmultiplemovingobject

sand 

specifythespatiotemporalrelationshipsbetweenobje

ctsbyex- 

pressingeachobject’straceonatimeline.Themeritofo

bjects’ relationship-

basedfeaturesisthattheycanintuitivelyrepresent 

relationshipsbetweenmultipleobjectsinthetemporal

domain.The limitation  of these  features is that  it 

is difficult  to label each object and its position. 

 

IV. VIDEODATAMINING, CLASSIFICATION, 
ANDANNOTATION 

 

Videodatamining,classification,andannotationrelyh

eav-ily 

onvideostructureanalysisandtheextractedvideofeatu

res. 

Therearenoboundariesbetweenvideodatamining,vid

eoclas- 

sification,andvideoannotation.Inparticular,theconc

eptsof 

videoclassificationandannotationareverysimilar.Int
hissec- 

tion,wereviewthebasicconceptsandapproachesforvi

deodata 

mining,classification,andannotation.Theannotation

isthebasis 

forthedetectionofvideo’ssemanticconceptsandthe 

constructionofsemanticindicesforvideos. 

 

A. Video Data Mining 

The  task  of  video  data  mining  is,  

using  the  extracted features, to find structural 

patterns of video contents, behavior patterns of 
moving objects, content characteristics of a scene, 

event  pat-terns [230], [232] and  their  

associations, and  other video  se-mantic  

knowledge  [45],  in  order  to  achieve  video 

intelligent  applications,  such  as  video  retrieval  

[118].  The choice  of  a  strat-egy  for  video  data  

mining  depends  on  the application. Current 

strategies include the following. 

1)ObjectMining:Objectminingisthegroupingofdiffe

rent 

instancesofthesameobjectthatappearsindifferentpart

sina 
video.Itisveryhardbecausetheappearanceofanobject

can 

changeagreatdealfromoneinstancetoanother.Sivica

nd 

Zisserman[86]useaspatialneighborhoodtechniqueto

clusterthefeaturesinthespatialdomainoftheframes.T

heseclustersareusedtominefrequentlyappearingobje

ctsinkeyframes. 

AnjulanandCanagarajah[81]extractstabletracksfro

mshots.Thesestabletracksarecombinedintomeaning

fulobjectclusters,whichareusedtominesimilarobject
s.Quacketal.[28]presentamethodforminingfrequentl

yoccurringobjectsandscenesfromvideos.Objectcan

didatesaredetectedbyfindingrecurringspatialarrange

mentsofaffinecovariantregions. 

2)  Special Pattern Detection: Special pattern 

detection ap- plies to actions or events for which 

there are a priori models, such as human actions, 

sporting events [127], traffic events, or crime  

patterns.  Laptev  et  al.  [124]  propose  an  

appearance- based method that recognizes eight 

human actions in movies, e.g., answer  phone, get  

out  of a  car, handshake, hug person, kiss.  They  
extract  local  space-time  features  in  space-time 

pyramids,   build   a   spatial-temporal   bag-of-

features,   and employ multichan-nel nonlinear 

SVMs for recognition. Ke et al.  [125]  propose  a  

template-based  method  that  recognizes human 

actions, such as picking up a dropped object or 

waving in  a  crowd.  They  oversegment  the  

video  to  obtain  spatial- temporal patches, and 

combine shape and optical flow cues to match  

testing  patches  and  templates.  Liu  et  al.  [126]  

detect events in a football match, including penalty 
kicks, free kicks near  the penalty box,  and  corner  

kicks in  football  games. Li and Porikli [128] 

detect six traffic patterns using a Gaussian mixture 

HMM framework, and Xie et al. [129] extract 

traffic jam  events by analyzing the road  

background  features.  Nath [130] detects crime 

patterns using a clustering algorithm. 

3)PatternDiscovery:Patterndiscoveryistheautomati

cdis- 

coveryofunknownpatternsinvideosusingunsupervis

edor 

semisupervisedlearning.Thediscoveryofunknownp
atternsisusefultoexplorenewdatainavideosetortoinit

ializemodelsforfurtherapplications.Unknownpatter
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nsaretypicallyfoundbyclusteringvariousfeaturevect

orsinthevideos.Thediscoveredpatternshavethefollo

wingapplications:1)detectingunusualevents[230]th

atareoftendefinedbytheirdissimilaritytodis-

coveredpatterns;2)associatingclustersorpatternswit

hwordsforvideoretrieval,etc;3)buildingsupervisedcl

assifiersbasedontheminedclustersforvideoclassifica

tionorannotation,etc.Burl[105]describesanalgorith

mforminingmotiontrajecto-

riestodetecttriggerevents,determinetypicaloranoma
louspatternsofactivities,classifyactivitiesintonamed

categories,clusteractivities,determineinteractionsbe

tweenentities,etc.Hamidetal.[2]usengramsandsuffi

xtreestominemotionpatternsbyanalyzingeventsubse

quencesovermultipletemporalscales.Theminedmoti

onpatternsareusedtodetectunusualevents.Turagaeta

l.[1]useagenerativemodeltocaptureandrepresentadi

verseclassofactivities,andbuildaffineandviewinvari

anceoftheactivityintothedistancemetricforclusterin

g.Theclusters 

correspondtosemanticallymeaningfulactivities.Cutl
erand Davis[14]computeanobject’sself-

similarityasitevolvesin time,andapplytime–

frequencyanalysistodetectand 

characterizetheperiodicmotion.Theperiodicityisana

lyzedus- ingthe2-

Dlatticestructuresinherentinsimilaritymatrices. 

4)VideoAssociationMining:Videoassociationminin

gis 

mainlyusedtodiscoverinherentrelationsbetweendiff

erent 

eventsorthemostfrequentassociationpatternsfordiffe

rent 
objects,suchasthesimultaneousoccurrenceoftwoobj

ects, 

frequencyofshotswitches,andassociationbetweenvi

deotypes 

[118].Videoassociationminingalsoincludesthede-

ductionof 

interassociationsbetweensemanticconceptsinthesa

meshot 

fromexistingannotationsortheinferenceofase-

manticconcept 

forthecurrentshotfromdetectionresultsofneighborin
gshots, etc.PanandFaloutsos[102]proposeanal-

gorithmtofind 

correlationsbetweendifferenteventsinnewsprogram

s,suchas 

thosebetween―earthquake‖and―volcano‖or―tour

ism‖and 

―wine.‖Zhuetal.[100]proposeexplicitdefini-

tionsand 

evaluationmeasuresforvideoassociationsbyintegrat-

ing 

distinctfeatureofthevideodata.Theiralgorithmintrod

uces 
multilevelsequentialassociationminingtoexploreass

ociations 

betweenaudioandvisualcues,classifiestheassociatio

nsby 

assigningeachofthemaclasslabel,andusestheirappea

rances 

inthevideotoconstructvideoindices.Yanetal.[13]des

cribe 

variousmulticonceptrelationallearningalgorithmsba

sedona 

unifiedprobabilisticgraphicalmodelrepresentationa

nduse 
graphicalmodelstominetherelationshipbetweenvide

ocon- cepts.Liuetal.[231]useassociation-

miningtechniquesto 

discoverinterconceptassociationsinthedetectedconc

epts,and 

mineintershottemporaldependence,inordertoimpro

vethe accuracyofsemanticconceptdetection. 

5)TendencyMining:Tendencyminingisthedetection

and 

analysisoftrendsofcertaineventsbytrackingcurrente

vents 
[118].Xieetal.[103]proposeanewsvideominingmeth

od, whichinvolvestwovisualizationgraphs:thetime-

tendencygraph andthetime-

spacedistributiongraph.Thetime-tendencygraph  

records the tendencies  of events,  while the time-

space dis-tribution   graph   records   the   spatial-

temporal   relations between   various   events.   Oh   

and   Bandi   [104]   mine   the tendency  of  a  

traffic  jam  by  analyzing  the  spatial-temporal 

relations between objects in videos. 

6)PreferenceMining:Fornewsvideos,movies,etc.,th

e 
user’spreferencescanbemined[118].Forinstance,Ku

lesetal. 

[101]proposeapersonalizedmultimedianewsportalto

providea 

personalizednewsservicebyminingtheuser’sprefere

nces. 

 

B.  Video Classification 

The task of video classification [106], 

[245] is to find rules or  knowledge  from  videos 

using  extracted  features or  mined results and then  
assign the videos into predefined categories. Video  

classification  is  an  important  way  of  increasing  

the efficiency   of   video   retrieval.   The   

semantic   gap   between extracted  formative  

information,  such  as  shape,  color,  and texture,  

and  an  observer’s  interpretation  of  this  

information, makes content-based video 

classification very difficult. 

Video content includes semantic content 

and editing effects. Referring to [23], semantic 

content classification  can be per- formed  on   

three  levels:   video  genres,   video  events,   and 
objects  in  the  video,  where  genres  have  

rougher  and  wider detection  range;  and  events  
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and  objects  have  thinner  and limited  detec-tion  

range.  In  the  following,  we  discuss  edit effect  

classification, genre classification,  event 

classification, and object classifica-tion, 

respectively. 

1)  Edit Effect Classification: Editing 

effects depend on the ways  for  editing  videos,  

such  as  camera  motion  and  the composi-tion  of 

scenes and shots. Editing effects themselves are  

not   a   part   of  video  content,   but   they  
influence   the understanding of video content; 

therefore, they may be used in video semantic 

classi-fication. For instance, Ekin et al. [165] 

classify  shots  of  soccer  videos  into  long,  in-

field  medium, close-up, and out-of-field views 

using cinematic features and further detect events 

such as play, break, and replay. Xu et al. [246]  use  

the  domain-specific  feature  of  grass-area-ratio  to 

classify  frames  of  soccer  videos  into  global,  

zoom-in,  and close-up views and obtain play/break 

statuses of games from the  sequences  of  labeled  
frames.  Tan  et  al.  [247]  estimate camera motion 

using data from the MPEG stream, and further 

classify  basketball  shots into  wide-angle and  

close-up  views and detect events such as fast 

breaks, shots at the basket, etc. 

2)  Video  Genre  Classification:  Video  genre  

classification is  the  classification  of  videos  into  

different  genres  such  as 

―movie,‖  ―news,‖  ―sports,‖  and  ―cartoon.‖  

Approaches  to 

classify  video  genres  can  be  classified  into  

statistic-based, rule- or knowledge-based, and 
machine learning-based [23]. 

a)Statistic-basedapproach:Thisapproachclassifies 

videosbystatisticallymodelingvariousvideogenres.F

isheret 

al.[89]classifyvideosasnews,carrace,tennis,animate

d 

cartoon,andcommercials.First,videosyntacticproper

tiessuch 

ascolorstatistics,cuts,cameramotion,andobjectmoti

onare 

analyzed.Second,thesepropertiesareusedtoderivem
oreab- 

stractfilmstyleattributessuchascamerapanningandz

oom-ing, 

speech,andmusic.Finally,thesedetectedstyleattribut

es 

 

aremappedintofilmgenres.Basedoncharacteristicsof

films, 

Rasheedetal.[123]onlyusefourvisualfeatures,namel

yav- 

erageshotlength,colorvariance,motioncontent,andli

ghting 
key,toclassifyfilmsintocomedies,actions,dramas,or

horror 

films.Theclassificationisachievedusingmeanshiftcl

ustering. 

Somemethodsonlyutilizedynamicfeaturestoclassify

video 

genres.Roachetal.[122]proposeacartoonvideoclassi

fication 

methodthatusesmotionfeaturesofforegroundobjects

todis- 

tinguishbetweencartoonsandnoncartoons.Roachetal

.[108] 
classifyvideosbasedonthedynamiccontentofshortvi

deo 

sequences,whereforegroundobjectmotionandbackg

round 

cameramotionareextractedfromvideos.Theclassifie

dvideos includesports,cartoons,andnews. 

b)Rule-orknowledge-basedapproach:Thisapproach 

appliesheuristicrulesfromdomainknowledgetolow-

level 

featurestoclassifyvideos.ChenandWong[109]devel

opa knowledge-
basedvideoclassificationmethod,inwhichtherel- 

evantknowledgeiscodedintheformofgenerativerules

with confidencestoformarule-

base.TheCliplanguageisusedto 

compileavideocontentclassificationsystemusingthe

rule-base. Zhouetal.[110]proposeasupervisedrule-

basedvideo 

classificationsystem,inwhichhighersemanticsareder

ivedfrom ajointuseoflow-

levelfeaturesalongwithclassificationrules 

thatarederivedthroughasupervisedlearningprocess.

Snoeket 
al.[93]proposeavideoclassificationandindexingmet

hod, 

combiningvideocreationknowledgetoextractseman-

tic 

conceptsfromvideosbyexploringdifferentpathsthrou

ghthree 

consecutiveanalysissteps:themultimodelvideoconte

ntanalysis 

step,thevideostyleanalysisstep,andthecontextanal-

ysisstep. Zhouetal.[107]proposearule-

basedvideoclas-sification 
systemthatappliesvideocontentanalysis,featureextra

ctionand 

clusteringtechniquestothesemanticclusteringofvide

os. Experimentsonbasketballvideosarereported. 

c)Machinelearning-

basedapproach:Thisapproachuses 

labeledsampleswithlow-levelfeaturestotrainaclas-

sifierora 

setofclassifiersforvideos.MittalandCheong[112]use

the 

Bayesiannetworktoclassifyvideos.Theassociationb

etweena 
continuousandnonparametricdescriptorspaceandthe

classesis 
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learnedandtheminimumBayeserrorclassifierisdeduc

ed.Qiet 

al.[97]proposeavideoclassificationframeworkusing

SVMs- 

basedactivelearning.Theresultsofclusteringallthevi

deosin 

thedatasetareusedastheinputtotheframework.Theac

curacy 

oftheclassifiersisimprovedgraduallyduringtheactive

-learning 
process.Fanetal.[98]usemultiplelevelsofconceptsof

video 

contentstoachievehierarchicalsemanticclassificatio

nofvideos 

toenablehighlyefficientaccesstovideocontents.Truo

ngetal. [90]classifyvideosintothegenresofcar-

toons,commercials, 

music,news,andsports.Thefeaturesusedincludethea

verage 

shotlength,thepercentageofeachtypeoftransition,etc

.The C4.5decisiontreeisusedtobuildtheclas-
sifierforgenre 

labeling.Yuanetal.[240]presentanautomaticvideoge

nre classificationmethodbasedonahierarchicalon-

tologyofvideo 

genres.AseriesofSVMclassifiersunitedinabinary-

treeform 

assigneachvideotoitsgenre.Wuetal.[154]proposean

online 

videosemanticclassificationframework,inwhichloc

aland globalsetsofoptimizedclassificationmod-

elsareonlinetrained 

bysufficientlyexploitingbothlocalandglobal  
statistic  characteristics  of  videos.  Yuan  et  al.  

[155] learn  concepts  from  a  large-scale  

imbalanced  dataset  using support cluster 

machines. 

Fromtheaforesaidvideogenresclassificationapproac

hes,the 

followingconclusionscanbedrawn[23].1)Theseappr

oaches 

eitherusestaticfeaturesonly,dynamicfeaturesonly,or

com-bine 

themboth.2)Alltheapproachespreferablyemployglo
bal statisticallow-

levelfeatures.Thisisbecausesuchfeaturesare 

robusttovideodiversity,makingthemappropriateforv

ideo 

genreclassification.Manyalgorithmsattempttoaddso

mese- manticfeaturesonthebasisoftheselow-

levelfeatures.3)Prior 

domainknowledgeiswidelyusedinvideogenresclassi

fication. 

Touseknowledgeorrulescanimprovetheclassificatio

neffi- 

ciencyforspecialdomains,butthecorrespondingalgor
ithms 

cannotbegeneralizedtovideosfromotherdomains. 

3)EventClassification:Aneventcanbedefinedasany 

human-

visibleoccurrencethathassignificancetorepresentvid

eo 

contents.Eachvideocanconsistofanumberofevents,a

ndeach 

eventcanconsistofanumberofsubevents.Todeter-

minethe 

classesofeventsinavideoisanimportantcomponentof

content- 
basedvideoclassification[3],anditisconnectedwithe

vent 

detectioninvideodatamining.Thereisagreatdealofpu

blished 

workoneventclassification.Yuetal.[115]detectandtr

ackballs inbroadcastsoccervideosandextractballtra-

jectories,whichare 

usedtodetecteventssuchashandballandballpossessio

nbya team.Changetal.[111]detectandclas-

sifyhighlightsin 

baseballgamevideosusingHMMmodelsthatarelearn
edfrom 

specialshotsidentifiedashighlights.Duanetal.[116]p

roposea 

visualfeaturerepresentationmodelforsportsvideos.T

hismodel iscombinedwithsupervisedlearn-

ingtoperformatop-down 

semanticshotclassification.Thesesemanticshotclass

esare furtherusedasamidlevelrepresenta-

tionforhigh-levelsemantic 

analysis.Xuetal.[94]presentanHMM-

basedframeworkfor 

videosemanticanalysis.Semanticsindifferentgranul
aritiesare 

mappedtoahierarchicalmodelinwhichacomplexanal

ysis problemisdecomposedintosubprob-

lems.Theframeworkis 

appliedtobasketballeventdetection.OsadchyandKer

en[119] offeranaturalextensionofthe―an-

tiface‖methodtoevent detection,inboththegray-

levelandfeaturedomains.Xieetal. 

[151]employHMManddynamicprogrammingtodete

ctthe 

sportsvideoconceptsof―play,‖―noplay,‖etc.Paneta
l.[114] 

extractvisualfeaturesandthenuseanHMMtodetectslo

w- motionreplaysinsportsvideos. 

Fromtheaforesaideventclassificationalgorithms,the

fol- 

lowingconclusionscanbedrawn[23].1)Incontrastwit

hgenre 

classification,eventclassificationneedsmorecomple

xfeature 

extraction.2)Complicatedmotionmeasuresareoftena

ttachedto 

eventclassifiers.Someeventclassificationmethodse
mployonly 

dynamicfeatures,involvingtheaccuratetrackingofm
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ov-ing objectsorroughregion-

basedmotionmeasures,andthenclassify 

theobjectmotionsinordertorecognizemotionevents. 

4)ObjectClassification:Videoobjectclassificationw

hichis 

connectedwithobjectdetectioninvideodataminingisc

on- 

ceptuallythelowestgradeofvideoclassification.The

most 

commondetectedandclassifiedobjectistheface[120].
Ob-ject 

detectionoftenrequirestheextractionofstructuralfeat

uresof 

objectsandclassificationofthesefeatures.Priorknowl

edge 

 

suchasanobjectappearancemodelisoftenincorporate

dintothe 

processofobjectfeatureextractionandclassification.

Hongetal. [92]proposeanobject-

basedalgorithmtoclassifyvideoshots. 
Theobjectsinshotsarerepresentedusingfeaturesofcol

or, 

texture,andtrajectory.Aneuralnetworkisusedtoclust

er 

correlativeshots,andeachclusterismappedtooneof12

cate- 

gories.Ashotisclassifiedbyfindingthebestmatchingc

luster. 

Dimitrovaetal.[91]proposeamethodtoclassifyfourty

pesof 

TVprograms.Facesandtextsaredetectedandtracked,

andthe 
numberoffacesandtextsisusedtolabeleachframeofav

ideo 

segment.AnHMMistrainedforeachtypeusingthefra

melabels 

astheobservationsymbols.Thelimitationofobjectcla

ssification 

forvideoindexingisthatitisnotgeneric;videoobject 

classificationonlyworksinspecificenvironments. 

 

C. Video Annotation 

 
Videoannotation[4],[117],[241]istheallocationofvi

deo 

shotsorvideosegmentstodifferentpredefinedsemanti

ccon- 

cepts,suchasperson,car,sky,peoplewalking.Videoan

nota-tion 

issimilartovideoclassification,exceptfortwodifferen

ces[239]: 

1)Videoclassificationhasadifferentcategory/concep

tontology 

comparedwithvideoannotation,althoughsomeofthec

oncepts 
couldbeappliedtoboth;and2)videoclassifica-

tionappliesto 

completevideos,whilevideoannotationappliestovide

oshotsor 

videosegments.Videoannotationandvideoclassificat

ionshare similarmethodologies:First,low-levelfea-

turesareextracted, 

andthencertainclassifiersaretrainedandemployedto

mapthe featurestotheconcept/categorylabels. 

Correspondingtothefactthatavideomaybeannotated

with 

multipleconcepts,theapproachesforvideoannotation
canbe classifiedasisolatedconcept-

basedannotation,context-based 

annotation,andintegrated-basedannotation[244]. 

1)  Isolated   Concept-Based   Annotation:   This   

annotation method trains a statistical detector for 

each of the concepts in a  visual  lexicon,  and  the  

isolated  binary classifiers  are  used individually  

and  independently  to  detect  multiple  semantic 

concepts—correlations  between  the concepts  are 

not  consid- ered. Feng et al. [8] use the multiple-

Bernoulli distribution to model  image  and  video  
annotation.  The  multiple-Bernoulli model 

explicitly focuses on the presence or absence of 

words in the annotation, based on the assumption 

that each word in an annotation is independent of 

the other words. Naphade and Smith  [69]  

investigate  the  efficiencies  of  a  large  variety  of 

classifiers,  including  GMM,  HMM,  kNN, and  

Adaboost,  for each   concept.   Song   et   al.   [9]   

introduce   active   learning together  with  

semisupervised  learning  to  perform  semantic 

video annotation. In this method, a number of two-

class clas- sifiers  are  used  to  carry  out  the  
classification  with  multiple classes.   Duan   et   

al.   [116]   employ   supervised   learning 

algorithms  based  on  the  construction  of  

effective  midlevel representations to perform  

video semantic shot  classification for  sports  

videos.  Shen  et  al.  [73]  propose  a  cross-

training strategy to stack concept detectors into a 

single discriminative classifier  and  to  handle  the  

classification  errors  that  occur when  the classes 

overlap in  the feature space. The limitation of 

isolated  concept-based  annota-tion  is that the 
associations between the different concepts are not 

modeled.2)Context-

BasedAnnotation:Tousecontextsfordifferent 

concepts[71]canimproveconceptdetectionperforma

nce.The taskofcontext-

basedannotationistorefinethedetectionre-sults 

oftheindividualbinaryclassifiersorinferhigherlevelc

oncepts 

fromdetectedlowerlevelconceptsusingacontext-

basedconcept 

fusionstrategy.Forinstance,Wuetal.[248]useanontol

ogy- 
basedlearningmethodtodetectvideoconcepts.Anont

ology 
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hierarchyisusedtoimprovethedetectionaccuracyofth

e 

individualbinaryclassifiers.SmithandNaphade[249]

con-struct 

modelvectorsbasedonthedetectionscoresofindividu

al 

classifierstominetheunknownorindirectcorrelations

between 

specificconceptsandthentrainanSVMtorefinetheind

ividual 
detectionresults.Jiangetal.[250]proposeanactive-

learning 

methodtoannotatevideos.Inthemethod,usersannotat

eafew 

conceptsforanumberofvideos,andthemanualannotat

ionsare 

thenusedtoinferandimprovedetectionsofotherconce

pts. 

Bertinietal.[251]proposeanalgorithmthatusespictori

ally 

enrichedontologiesthatarecreatedbyanunsupervised
clus- 

teringmethodtoperformautomaticsoccervideoannot

ation. 

Occurrencesofeventsorentitiesareautomaticallyasso

ciated 

withhigherlevelconcepts,bycheckingtheirproximity

tovisual 

conceptsthatarehierarchicallylinkedtohigherlevelse

mantics. 

Fanetal.[32],[253]proposeahierarchicalboostingsch

eme, 

whichincorporatesconceptontologyandmultitasklea
rning,to 

trainahierarchicalvideoclassifierthatexploitsthestro

ngcorre- 

lationsbetweenvideoconcepts.Thelimitationofconte

xt-based 

annotationisthattheimprovementofcontextualcorrel

ationsto 

individualdetectionsisnotalwaysstablebecausethede

tection 

errorsoftheindividualclassifierscanpropagatetothef

usion 
step,andpartitioningofthetrainingsamplesintotwopa

rtsfor 

individualdetectionsandconceptualfusion,respectiv

ely,causes 

thattherearenosufficientsamplesfortheconceptualfu

sion 

becauseofusualcomplexityofthecorrelationsbetwee

nthe concepts. 

3)  Integration-Based  Annotation:  This  

annotation  method simultaneously models both the 

individual concepts and their correlations:    The    

learning    and    optimization    are    done 
simultane-ously.    The    entire    set    of    samples    

is    used simultaneously  to  model  the  individual  

concepts  and  their correlations.  Qi  et  al.  [244]  

propose  a  correlative  multilabel algorithm, which 

constructs a new feature vector that captures both   

the   characteristics   of   concepts   and   the   

correlations between  concepts.  The  limitation  of  

the  integration-based annotation is its high 

computational complexity. 

The learning of a robust and effective detector for 

each con- cept requires a sufficiently large number 

of accurately labeled training samples, and the 
number required increases exponen- tially with the 

feature dimension. Recently, some approaches have 

been proposed to incorporate unlabeled data into 

the su- pervised  learning  process  in  order  to  

reduce  the  labeling burden.     Such     approaches     

can     be     classified     into semisupervised-based 

and active-learning-based. 

a)  Semisupervised  learning:  This  approach  uses  

unla- beled samples to augment the information in 

the available la- beled examples. Yan and Naphade 

[74], [146] present semisu- pervised cross feature 
learning for cotraining-based video con- cept 

detection and investigate different labeling 

strategies in 

 

cotraininginvolvingunlabeleddataandasmallnumber

ofla- 

beledvideos.Yuanetal.[143]proposeafeatureselectio

n-based manifold-

rankingalgorithmtolearnconceptsusingasmall 

numberofsamples.Thealgorithmconsistsofthreemaj

orcom- 

ponents:featurepoolconstruction,prefiltering,andma
nifold 

ranking.Wangetal.[141]proposeavideoannotational

gorithm, 

basedonsemisupervisedlearningbythekerneldensity

estima- 

tion.Wangetal.[135],[279]proposeanoptimizedmult

igraph- 

basedsemisupervisedlearningalgorithmtodealwitht

hein- 

sufficiencyoftrainingdatainvideoannotation.Ewerth

and 
Freisleben[167]proposeasemisupervisedlearningm

ethodto 

adaptivelylearntheappearancesofcertainobjectsorev

entsfora 

particularvideo.AdaboostandSVMareincorporatedf

orfeature selectionandensembleclassification. 

b)  Active  learning:  Active  learning  is  also  an  

effective way to handle the lack of labeled samples. 

Song et al. [6] pro- pose an  active-learning 

algorithm for  video annotation  based on multiple 

complementary predictors and incremental model 

adaptation. Furthermore,  Song  et al.  [7]  propose 
a  video an- notation    framework   based    on    an   

active   learning   and semisuper-vised    ensemble    
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method,    which    is    specially designed for 

personal video databases. 

 

 

 

V.  QUERYANDRETRIEVAL 

Once  video  indices  are  obtained,  content-based  

video  re- trieval   [5]   can   be   performed.   On   

receiving   a   query,   a similarity  measure  

method  is  used,  based  on  the  indices,  to search 
for the candidate videos in accordance with the 

query. The retrieval results are optimized by 

relevance feedback, etc. In the follow-ing, we 

review query types, similarity matching, and 

relevance feedback. 

 

A. Query Types 

Nonsemantic-based video query types include 

query by ex- ample, query by sketch, and query by 

objects. Semantic-based video  query types  include  

query by  keywords  and  query  by natural 
language. 

1)  Query   by   Example:   This   query   extracts   

low-level features  from  given  example  videos  or  

images  and  similar videos  are  found  by 

measuring  feature  similarity.  The  static features 

of key frames are suitable for  query by example, as 

the key frames extracted from the example videos 

or exemplar images can be matched with the stored 

key frames. 

2)  Query  by  Sketch:  This  query  allows  users  

to  draw sketches to represent the videos they are 

looking for. Features extracted from the sketches 
are matched to the features of the stored  videos.  

Hu  et  al.  [36]  propose  a  method  of  query  by 

sketch,  where  trajectories  drawn  by  users  are  

matched  to trajec-tories extracted from videos. 

3)  Query by Objects: This query allows users to 

provide an image of object. Then, the system finds 

and returns all occur- rences  of  the  object  in  the  

video  database  [267].  In  contrast with query by 

example and query by sketch, the search results of 

query by objects are the locations of the query 

object in the videos.4)  Query  by  Keywords:  This  
query  represents  the  user’s query by a set of 

keywords. It is the simplest and most di-rect query 

type,  and  it  captures the  semantics  of  videos  to  

some extent. Keywords can refer to video 

metadata, visual concepts, transcripts, etc. In this 

paper, we mainly consider visual con- cepts. 

5)  Query  by  Natural  Language:  This  is  the  

most  natural and convenient way of making a 

query. Aytar et al. [255] use semantic word 

similarity to retrieve the most relevant videos and 

rank them,  given  a  search  query specified  in  the 

natural language   (English).   The   most   difficult   
part   of  a   natural language interface is the 

parsing of natural language and the acquisition of 

accurate semantics. 

6)Combination-

BasedQuery:Thisquerycombinesdif-ferent 

typesofqueriessuchastext-

basedqueriesandvideoexample- 

basedqueries.Thecombination-basedqueryisadapt-

ableto 

multimodelsearch.Kennedyetal.[259]developafram

e-workto 
automaticallydiscovereusefulqueryclassesbyclus-

tering 

queriesinatrainingsetaccordingtotheperformanceof

various 

unimodalsearchmethods.Yanetal.[258]proposeanad

aptive 

methodtofusedifferentsearchtoolstoimplementquer

y-class- dependentvideoretrieval,wherethequery-

classas-sociation 

weightsofthedifferentsearchtoolsareautomatically 

determined.Yuanetal.[219]classifythequeryspacein
toper- 

sonandnonpersonqueriesintheirmultimediaretrieval

system. 

YanandHauptmann[198]considertheclassificationo

fqueries 

andthedeterminationofcombinationweightsinaprob

abilistic 

frameworkbytreatingqueryclassesaslatentvariables. 

The following query interfaces are among the most 

famous so far. 

1)  The Informedia interface [31], [70]: This 

interface sup- ports  filtering  based  on  visual  
semantic  concepts.  The visual concept filters are 

applied after a keyword-based search is carried out. 

2)  The MediaMill query interface [30], [99]: This 

interface combines  query-by-visual  concept,  

query  by  example, and query by textual keyword. 

 

B.  Similarity Measure 

Video   similarity   measures   play   an   important   

role   in content-based   video  retrieval.   Methods   

to  measure   video similarities   can   be   classified   

into   feature   matching,   text matching,  ontology-
based  matching,  and  combination-based 

matching. The choice of method depends on the 

query type. 

1)  Feature    Matching:    The   most    direct    

measure    of similarity between two videos is the 

average distance between the  features  of  the  

corresponding  frames  [34].  Query  by example  

usually  uses  low-level   feature  matching  to  find 

relevant videos. How-ever, video similarity can be 

considered in different levels of resolution or 

granularity [35]. 

Accordingtodifferentuser’demands,staticfeaturesof
key 

frames[59],objectfeatures[81],andmotionfeatures[3



International Journal of Engineering Research and Application     www.ijera.com ISSN : 2248-9622 

Vol. 8, Issue 9 (Part -V) Sep 2018, pp 75-110 

 
www.ijera.com                                                                                                                                   91 | P a g e  
 

 

 

 

 

6]allcan 

beusedtomeasurevideosimilarity.Forexample,Sivic

etal. 

[18]extractfacefeaturesfromanexampleshotcontain-

ingthe 

queriedfaceandmatchtheextractedfeatureswiththest

oredface 

features.Then,shotscontainingthequeriedfaceare 

retrieved. Lie and Hsiao [37] extract trajectory 

features of ma- jor  objects  in  a  given  set  of  
videos  and  match  the  extracted trajectory  

features  with  stored  trajectory  features  to  

retrieve videos. 

The  merit  of  feature  matching  is  that  the  video  

similarity can   be   conveniently   measured   in   

the   feature   space.   Its limitation  is  that  

semantic  similarity  cannot  be  represented 

because  of  the  gap  between  sets  of  feature  

vectors  and  the semantic categories familiar to 

people. 

2)  Text Matching: Matching the name of each 
concept with query  terms  is  the  simplest  way  of  

finding  the  videos  that satisfy  the  query.  Snoek  

et  al.  [242]  normalize  both  the descriptions of 

concepts and the query text and then compute the 

similarity between the query text and the text 

descriptions of  concepts  by  using  a  vector  space  

model.  Finally,  the concepts with the highest 

similarity are selected. The merits of the text-

matching approach are its intuitiveness and 

simplicity of implementation. The limitation of this 

approach  is that all related concepts must be 

explicitly included in the query text in order to 
obtain satis-factory search results. 

3)  Ontology-Based Matching: This approach 

achieves sim- ilarity   matching   using   the   

ontology   between    semantic concepts   or   

semantic  relations  between   keywords.   Query 

descriptions  are  enriched  from  knowledge  

sources,  such  as ontology of con-cepts or 

keywords. Snoek et al. [242] perform the  syntactic  

disambiguation  of  the  words  in  the  text  query 

and then translate the nouns and noun chunks 

extracted from the text to onto-logical concepts by 
looking up each noun in Wordnet.  As  the  

concepts  are  also  linked  to  Wordnet,  the 

ontology  is  used  to  determine  which  concepts  

are  mostly related  to  the  original  query text.  

Based  on  the  fact  that  the semantic word 

similar-ity is a good approximation  for  visual co-

occurrence.   Aytar   et   al.   [255]   utilize   

semantic   word similarity  measures  to  measure  

the  similarity  between  text annotated  videos  and  

users’  queries.  Videos  are  retrieved based  on  

their  relevance  to  a  user-defined  text  query.  

The merit  of  the  ontology-based  matching  
approach  is  that  extra concepts   from   

knowledge   sources   are   used   to   im-prove 

retrieval results [221], [227]. The limitation of this 

ap-proach is  that  irrelevant  concepts  are  also  

likely  to  be  brought  in, perhaps leading to 

unexpected deterioration of search results. 

4)Combination-

BasedMatching:Thisapproach―leverages 

semanticconceptsbylearningthecombinationstrategi

esfroma trainingcollection,e.g.,learningquery-

independentcombi-nation models[222]andquery-

class-dependentcombinationmodels 
[258]‖[229].Itisusefulforcombination-

basedqueriesthatare 

adaptabletomultimodalsearches.Themeritsoftheco

mbination- 

basedmatchingapproacharethatconceptweightscanb

e 

automaticallydeterminedandhiddensemanticconcep

tscanbe 

handledtosomeextent.Thelimitationofthisapproachi

sthatit isdifficulttolearnquerycombinationmodels. 

 
C.  Relevance Feedback 

Inrelevancefeedback,thevideosobtainedinreplytoas

earch 

queryarerankedeitherbytheuserorautomatically.Thi

srank- 

ingisusedtorefinefurthersearches.Therefinementme

thods 

include  query point  optimization,  feature  weight  

adjustment, and  information  embedding.  

Relevance feedback  bridges the gap  between  

semantic  notions  of  search  relevance  and  the 

low-level representation of video content. 
Relevance feedback also  reflects  user’s  

preferences  by  taking  into  account  user 

feedback  on  the  previously  searched  results.  

Like  relevance feedback  for  image  retrieval,  

relevance  feedback  for  video retrieval   can   be   

divided   into   three   categories:   explicit, implicit, 

and pseudofeed-back. 

1)ExplicitRelevanceFeedback:Thisfeedbackasksth

euser 

toactivelyselectrelevantvideosfromthepreviouslyret

rieved 
videos.Thietal.[49]proposeaninterfaceforimageand

video 

retrieval.Usersarerequiredtochoosepositivesamples

andre- 

trievalresultsareimprovedbymodifyingthequerypoi

nttoward 

thepositiveexamples.Chenetal.[51]adjusttheweight

sem- 

beddedinthesimilaritymeasuretoreflecttheuser’sfee

dback. 

Theusercanlabelsamplevideosas―highlyrelevant,‖

―rel- evant,‖―no-
opinion,‖―nonrelevant,‖or―highlynonrelevant,‖ 

Sudhaetal.[42]employasimultaneousperturbationst
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ochastic approximation-

basedalgorithmtocomputetheoptimalfeature 

weightsaccordingtouser’sfeedback.AksoyandCavu

s[55]de- 

scribearelevancefeedbackresponsetechniquethatcan

adjustthe 

weightsofdifferentfeaturesanddifferentspatiallocati

onsinkey 

framesaccordingtotheuser’sfeedback.BrowneandS

meaton 
[52]describeostensiverelevancefeedbackthattakesin

toaccount 

thechangesintheuser’srequirementsthatoccurwhileu

sers 

searchforinformation.Adecayfunctionisusedtoweig

htthe 

contributionofapreviouslyviewedandrelevantobject

toreflect 

theevolvementoftheuser’sinterest.Savetal.[54],[56]

present aninteractiveobject-

basedvideoretrievalsystemthatuses 
relevancefeedbacktorefineanunderlyingmodelofthe

search object.Theusercandirectlyselectthefea-

turesimportantforthe 

userandtheimagesectionsthattheuserwantstosearchf

or.The 

meritofexplicitfeedbackisthatitcanobtainbetterresul

tsthan implicitfeedbackorthepseudofeed-

backdiscussedlaterasit 

usestheuserfeedbackdirectly.Itslimitationisthatitnee

dsmore 

userinteraction,whichrequiresmoreuserpatienceand 

cooperation. 
2)  Implicit Relevance Feedback: This feedback 

refines re- trieval results by utilizing click-through  

data obtained by the search engine as the user 

clicks on the videos in the presented ranking [43]. 

Ghosh et al. [53] present a method to personal- ize   

video   retrieval   results   based   on   click-through   

data analysis.   The   parameters   of   a   Bayesian   

network   that establishes uncer-tainties between 

concepts and video features are learned using the 

implicit user feedback. Hopfgartner et al. [62]  

propose  a  simple model  to adapt retrieval  results 
based on   simulated   im-plicit   relevance   

feedback.   The   merit   of implicit  feedback  is  

that  it  does  not  require  the  conscious 

cooperation of the user, mak-ing it more 

acceptable, available, and  practicable  than   

explicit   feedback.   The  limitation  of implicit  

feedback  is  that  the  infor-mation  gathered  from  

the user is less accurate than in explicit feedback. 

3)  Pseudorelevance Feedback: This feedback 

selects posi- tive and negative samples from  the 

previous retrieval results without the participation 

of the user. The positive samples are the ones near 
to the query sample in the feature space, and the 

negativesamplesarefarfromthequerysample.Thiswa

y,the 

user’sfeedbackissimulated.Thesesamplesarereturne

dtothe 

systemforthesecondsearch.MuneesawangandGuan[

50] presentaself-trainingneuralnetwork-

basedrelevancefeedback 

thatcanobtaingoodretrievalperformancewithnouseri

nput. 

Forwardandbackwardsignalpropagationisusedtosi
mulatethe 

user’sfeedback.Yanetal.[33]proposeanautomaticret

rieval 

methodthatlearnsanadaptivesimilarityspacebyauto

mat-ically feedingbackthebottom-

rankedexamplesfornegativefeedback. 

Hauptmannetal.[252]developarobustpseudorele-

vance 

feedbackmethodcalledprobabilisticlocalfeedbackba

sedona 

discriminativeprobabilisticretrievalframework.The
pro-posed 

methodiseffectivetoimproveretrievalaccuracywitho

ut assumingthatmostofthetop-

rankeddocumentsarerelevant. 

Themeritofpseudorelevancefeedbackisthesubstanti

alreduc- 

tioninuserinteraction.Itislimitedinapplicationsbeca

useofthe semanticgapbetweenlow-levelandhigh-

levelfeatures:the similaritiesoflow-

levelfeaturesobtainedfromdifferentvideos 

donotalwayscoincidewiththesimilaritiesbetweenthe

videos definedbytheuser. 
Activelearninghasbeenappliedtorelevancefeedback

for 

videoretrieval.Forexample,Luanetal.[269]iterativel

yselect 

videosthatarethemostrelevanttothequeryuntilthenu

mberof 

videoslabeledasrelevantbyusersinaniterationstepbe

comes 

verysmall.Then,thevideosclosesttotheclassifierbou

ndaryare 

returnedtousersforidentificationandthesystemisupd
ated 

usingtheidentifiedvideos.Nguyenetal.[270]alsousea

ctive 

learningintheinteractionprocesstochoosevideosclos

etothe 

classifierboundary.Incontrastwiththeaforementione

dalgo- 

rithmthatselectsvideosinthefeaturespace,theychoos

evideos 

inthedissimilarityspacerepresentedbyanumberofpro

totypes. 

Brunoetal.[271]designmultimodaldissimilarityspac
esforfast 

andefficientvideoretrieval.Differentprototypesarele
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arnedfor 

eachmodality.Videosareselectedinthemultimodaldi

ssimilar- 

ityspacesbasedonthemultimodalcharacteristics.Inco

ntrast 

withthetraditionalrelevancefeedbackalgorithmswhi

chselect 

themostrelevantvideoswhicharerankedforfurthersea

rch, active-learning-

basedrelevancefeedbackalgorithms[268]usu- 
allyreturnthevideosclosesttotheclassifierboundaryt

ousers 

foridentification.Then,thesemostinformativevideos

areusedto 

improvetheprecisionoftheretrievalsystem.Ithasbeen

ver-ified thatactive-learning-

basedrelevancefeedbackalgorithmshavea 

betterperformancethantraditionalrelevancefeedbac

kalgorithms [268]. 

 

VI. VIDEOSUMMARIZATIONANDBROWSING 
Video summarization [39], [156], [157], [181] 

removes the redundant data in videos and makes an 

abstract representation or  summary of the contents, 

which is exhibited to users in a readable fashion to 

facilitate browsing. Video summarization 

complements video retrieval [183], by making 

browsing of re- trieved videos faster, especially 

when the total size of the re- trieved  videos  is  

large:  The  user  can  browse  through  the abstract   

representations   to   locate   the   desired   videos.   

A detailed review on video browsing interfaces and 

applications can be found in [261].There are two 
basic strategies for video summarization. 

1)Staticvideoabstracts:eachofwhichconsistsofacoll

ec- tionofkeyframesextractedfromthesourcevideo. 

2)  Dynamic video  skims:  each  of which  consists 

of a  col- lection of video segments (and 

corresponding audio seg- ments)  that  are  

extracted  from  the  original  video  and then  

concatenated  to  form  a  video  clip  which  is  

much shorter than the original video. 

These two strategies can be combined to form 

hierarchical video summarizations. In the 
following, the different methods for   video   

summarization   are   briefly  reviewed.   As   video 

summa-rization is a research topic which is as large 

as video retrieval, we focus on  reviewing papers 

published in  the last four years, as a supplement to 

previous surveys [39], [181] on video sum-

marization. 

A. Key Frame-Based Static Abstracts 

Inrecentyears,manyapproaches[182],[189]havebee

n 

proposedtoorganizeextractedkeyframesintostaticvi

deoab- 
stracts.Theseapproachesincludevideotableofconten

ts[142], 

storyboard,andpictorialvideosummary.Forinstance,

Xieand 

Wu[169]proposeanalgorithmtoautomaticallygener-

atethe 

videosummaryforbroadcastnewsvideos.Anaffinity 

propagation-

basedclusteringalgorithmisusedtogrouptheex- 

tractedkeyframesintoclusters,aimingtokeeptheperti

nentkey 

framesthatdistinguishonescenefromtheothersandre-
move 

redundantkeyframes.Lietal.[164]proposeaMinMax

rate 

distortionoptimizationalgorithmtofindkeyframesfor

an 

optimalvideosummary.Optimalalgorithmsaredevel

opedto 

solveboththerateminimizationandthedistortionmini

miza-tion 

formulationswithdifferentsummarizationrates.Calic

etal. 
[175]proposeavideokeyframesummarizationandbro

ws-ing algorithmthatproducesacomic-

likerepresentationofavideo. 

Thealgorithmcreatesvisualsummariesinausercen-

teredway. 

Guironnetetal.[161]proposeamethodforvideosumm

arization 

usingcameramotionanalysis,basedonrulestoavoidte

mporal 

redundancybetweentheselectedframes.Aneretal.[18

6] 

composemosaicsofscenebackgroundsinsitcompro-
grams.The 

mosaicimagesprovideacompactstaticvisualsum-

maryofthe 

physicalsettingsofscenes.ChoudaryandLiu[190]su

mmarize 

thevisualcontentininstructionalvideos,usingex-

tractedtexts 

andfigures.Theymatchandmosaicktheextractedkeyf

ramesto 

reducecontentredundancyandtobuildcompactvisual 

summaries.Christeletal.[276]haveconstructedabase
-line 

rushessummarizationsystematTRECVid2008[272].

This 

baselinemethodsimplypresentstheentirevideoat50×

normal speed. 

Themeritsofkeyframe-

basedstaticabstractsincludethe 

following.1)Thevideocontentisdisplayedinarapidan

d 

compactway,withnotimingorsynchronizationissues,

for 

browsingandnavigationpurposes.2)Nonlinearbrows
ingof 

videocontentispossible.3)Thetotalvideocontentcan
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becov- ered.Thelimitationsofkeyframe-

basedstaticabstractsinclude 

thefollowing.1)Audiocontentintheoriginalvideoism

issing. 

2)Thedynamicvisualcontentofvideoscannotbedescr

ibed. 

3) The abstracts are unnatural and hard to 

understand when the video is complex. 

B. Dynamic Video Skimming 

 
Dynamic  video  skimming  [166],  [168],  [172],  

[173]  con- denses the original video into a much 

shorter version that con- sists of important 

segments selected  from the original video. This  

shorter  version  can  be  used  to  browse  or  to  

guide  the edit-ing of the original video. 

Themeritsofdynamicvideoskimmingincludethefoll

owing. 

1) It preserves the time-evolving nature of the 

original video. 

2)  Audio  can  be  included  in  skims.  3)  It  is  
often  more entertaining and interesting to watch a 

skim rather than a slide show   of   key   frames.   

The   limitations   of   dynamic   video skimming 

include the following. 1) The sequential display of 

video  skims  is  time-consuming.  2)  The  content  

integrity  is sacrificed, while video highlights are 

emphasized. 

There  are  three  main  approaches  to  video  

skimming:  re- dundancy removal, object or event 

detection, and multimodal integration. 

1)RedundancyRemoval:Thisapproachremovesunin

for- 
mativeorredundantvideosegmentsfromtheoriginalvi

deoand 

retainsthemostinformativevideosegmentsthatareco

ncate- 

natedtoformaskim.Forexample,Xiaoetal.[158]extra

ct 

repeatingpatternsfromavideo.Avideoshotimportanc

eeval- 

uationmodelisusedtoselectthemostinformativevide

oshotsto 

constructthevideosummary.Ngoetal.[160]represent
avideo 

asacompleteundirectedgraphandusethenormalizedc

ut 

algorithmtooptimallypartitionthegraphintovideoclu

s-ters.At 

mostoneshotisretainedfromeachclusterofvisu-

allysimilar 

shotsinordertoeliminateredundantshots.Gaoetal.[17

4] 

proposeavideosummarizationalgorithmsuitableforp

ersonal 

videorecorders.Inthealgorithm,accordingtothede-
fined 

impactfactorsofscenesandkeyframes,partsofshotsar

e 

selectedtogenerateaninitialvideosummary.Then,rep

etitive 

framesegmentdetectionisappliedtoremoveredundan

tinfor- 

mationfromtheinitialvideosummary.WangandNgo[

176] 

haveproposedanalgorithmforrushessummarizationt

askin TRECVid-2007[177]–

[179].Inthealgorithm,undesirableshots 
arefilteredoutandtheintershotredundancyisminimiz

edby 

detectingandthenremovingrepetitiveshots.Themost

repre- 

sentativevideosegmentsareselectedforsummarizatio

nusing 

techniquessuchasobjectdetection,cameramotionesti

mation, key-

pointmatching,andtracking.Liuetal.[274]havedevis

ed 

analgorithmfortherushessummarizationtaskinTRE
CVid- 

2008[272].Theyfirstsegmentavideointoshotsandthe

nusea 

clusteringalgorithmtofindandremovesimilarshots.T

hen, 

saliencydetectionisappliedtodetectthemostinformat

iveshots 

tobeincludedinthesummary.Chasanisetal.[275]mea

sure 

similaritiesbetweenshotsbasedonthesimilaritiesbet

weenkey 

framesandemploythemtoremoverepeatedshots. 
2)ObjectorEventDetection:Semanticprimitivesinvi

deos, 

suchasrelevantobjects,actions,andevents,canbeused

in highlight-

preservingvideoskims.Intheobjectorevent 

detection-

basedapproach,videosegmentsareselectedaccord-

ing 

totheresultsofvideosegmentclassificationandobject

oreventdetection.Detectedobjectsandeventsarerank

edtocre-ate 
thevideoskim.Forexample,inskimmingsportsvideos

,goals, 

fouls,touchdowns,etc.aredetectedasimportantevent

s.Ekinet 

al.[165]proposeaframeworktoskimsoccervideosthr

ough 

dominantcolorregiondetection,robustshotboundary

detection, 

shotclassification,goaldetection,refereedetection,an

dpenalty- boxdetection.Asanexampleofobject-

basedskim-ming,Peker 

etal.[188]proposeavideoskimmingalgorithmusingfa
ce detectiononbroadcastvideoprograms.Intheal-

gorithm,faces 
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aretheprimarytargets,astheyconstitutethefocusofmo

st consumervideoprograms.Nacietal.[277]ex-

tractfeatures 

usingfacedetection,cameramotion,andMPEG-

7colorlayout 

descriptorsofeachframe.Aclusteringalgorithmisem

ployedto 

findandthenremoverepeatedshots.BailerandThallin

ger[273] 

comparetwocontentselectionmethodsforskimmingr
ush videos.Oneapproachisrule-

based,andtheotherisHMM-based. 

Afacedetectionmoduleisemployedtohelpselectimpo

rtant segmentstobeincludedinthesummary. 

3)MultimodalIntegration:Forvideoswhosecontentis 

largelycontainedintheaudio,suchasnewsprogramsa

nddoc- 

umentaries,thespokentextscanassistvideosummariz

ation. 

Oncecaptiontextsorspeechtranscriptsinavideoareav

ailable,a 
textsummarycanbeintegratedwiththevisualsummar

yintothe 

videoskim,orthevideosectionscorrespondingtothese

-lected 

textscanbeconcatenatedtogeneratethevideoskim.Fo

r 

instance,Taskiranetal.[184]divideavideointosegme

ntsby 

pausedetection,andderiveascoreforeachsegmentacc

ordingto 

thefrequenciesofthewordsintheaudiotrackfortheseg

-ment. 
Asummaryisproducedbyselectingthesegmentswitht

he 

highestscoreswhilemaximizingthecoverageofthesu

m-mary 

overthefullvideo.Gong[159]summarizestheaudioan

dvisual 

contentofasourcevideoseparatelyandthenintegratest

hetwo 

summariesusingabipartitegraph.Theaudiocontent 

summarizationisachievedbyselectingrepresentative

spoken 
sentencesfromtheaudiotrack,whilethevisualcontent

sum- 

marizationisachievedbypreservingvisuallydistinctc

ontents fromtheimagetrack. 

 

C.  Hierarchical Summarization 

Hierarchicalvideosummariescanbeobtainedfromke

y 

framesorfromstaticvideoabstractscombinedwithvid

eoskim- 

ming.Forinstance,Taskiranetal.[185]clusterkeyfra

mesex- 
tractedfromshotsusingcolor,edge,andtexturefeature

sand 

presenttheminahierarchicalfashionusingasimilarity

pyra-mid. 

Gengetal.[187]proposeahierarchicalvideosumma-

rization 

algorithmbasedonvideostructureandhighlights.Inth

e 

algorithm,videostructureunits(frame,shot,andscene

)are 

rankedusingvisualandaudioattentionmodels.Accord

ingtothe 
measuredranks,theskimratioandthekeyframeratioof

the 

differentvideostructureunitsarecalculatedandusedto

construct 

summariesatdifferentlevelsinahierarchicalvideosu

mmary. 

CioccaandSchettini[171]removemeaninglesskeyfra

mesusing 

supervisedclassificationonthebasisofpictorialfeatur

esderived 

directlyfromtheframes,togetherwithotherfeaturesde
rived 

fromtheprocessingoftheframesbyavisualattentionm

odel. Then,thekeyframesaregroupedintoclusters 

 

to allow multilevel  summary using  both  low-level  

and high- level features. 

 

VII. FUTUREDEVELOPMENTS 

Although  a large amount of work has been  done 

in  visual content-based  video  indexing  and  

retrieval,  many  issues  are still  open  and  deserve  

further  research,  especially  in  the following 
areas. 

1) Motion Feature Analysis. The effective use of 

motion in- formation  is  essential  for  content-

based  video  retrieval.  To dis-tinguish   between   

background   motion   and   foreground motion,  

detect  moving  objects  and  events,  combine  

static features  and  motion   features,  and  

construct  motion-based indices are all im-portant 

research areas. 

2)HierarchicalAnalysisofVideoContents.Onevideo

may 
containdifferentmeaningsatdifferentsemanticlevels.

Hierar- 

chicalorganizationofvideoconceptsisrequiredforse

mantic- 

basedvideoindexingandretrieval.Hierarchicalanalys

isre- quiresthedecompositionofhigh-

levelsemanticconceptsintoa seriesoflow-

levelbasicsemanticconceptsandtheirconstraints. 

Low-

levelbasicsemanticconceptscanbedirectlyassociated 

withlow-levelfeatures,andhigh-

levelsemanticconceptscanbe deducedfromlow-
levelbasicsemanticconceptsbystatis-tical 

analysis.Inaddition,buildinghierarchicalsemanticrel
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a-tions 

betweenscenes,shots,andkeyframes,onthebasisofvi

deo 

structuralanalysis;establishinglinksbetweenclassifi

ca-tions 

withthethreedifferentlevels:genres,eventandobject;

and 

hierarchicallyorganizingandvisualizingretrievalres

ultsareall interestingresearchissues. 

3)HierarchicalVideoIndices.Correspondingtohierar
chi-cal 

videoanalysis,hierarchicalvideoindicescanbeutilize

dinvideo 

indexing.Thelowestlayerinthehierarchyistheindexst

ore modelcorrespondingtothehigh-

dimensionalfeatureindex 

structure.Thehighestlayeristhesemanticindexmodel

describ- 

ingthesemanticconceptsandtheircorrelationsinthevi

deosto 

beretrieved.Themiddlelayeristheindexcontextmode
lthat 

linksthesemanticconceptmodelandthestoremodel.D

ynamic, 

online,andadaptiveupdatingofthehierarchicalindex

model, 

handlingoftemporalsequencefeaturesofvideosdurin

gindex 

constructionandupdating,dynamicmeasureofvideos

imilarity 

basedonstatisticfeatureselection,andfastvideosearc

husing 

hierarchicalindicesareallinterestingresearchquestio
ns. 

4) Fusion of Multimodels. The semantic content of 

a video is usually an integrated expression of 

multiple models. Fusion of information from 

multiple models can be useful in content- based  

video  retrieval  [38],  [95].  Description  of  

temporal  re- lations between  different  kinds of 

information  from multiple models,  dynamic  

weighting  of  features  of  different  models, fu-

sion  of information  from multiple models that 

express the same  theme,  and  fusion  of  multiple  
model  information  in multiple levels are all 

difficult issues in the fusion analysis of integrated 

models. 

5)Semantic-

BasedVideoIndexingandRetrieval.Currentap- 

proachesforsemantic-

basedvideoindexingandretrievalusu-ally 

utilizeasetoftextstodescribethevisualcontentsofvide

os. 

Althoughmanyautomaticsemanticconceptdetectors

havebeendeveloped,  there  are  many  unanswered  

questions:  How  to select the features that are the 
most representative of semantic con-cepts?   How   

should   large-scale   concept   ontology   for videos  

[76]  be  constructed?  How  to  choose  useful  

generic concept  detec-tors  with  high  retrieval  

utility?  How  many useful   concepts   are   needed   

[243]?   How   can   high-level concepts  be  

automatically  incorporated  into  video  retrieval? 

How can ontology [79], [80] be constructed for 

translating the query into terms that a concept 

detector set can handle? How can inconsistent 

annotations re-sulting from different people’s 

interpretations of the same visual data be 
reconciled? How can elaborate ontology be 

established between the detector lexica? How  can  

multimodality  fusion  be  used  to  detect  concepts 

more   accurately?   How   can   different   machine   

learning approaches be fused to obtain more 

accurate concepts? 

6) Extensible Video Indexing. Most current video 

indexing approaches depend heavily on prior 

domain knowledge. This limits their  extensibility 

to new domains. The elimination  of the  

dependence  on  domain  knowledge  is  a  future  
research problem. Feature extraction with less 

domain knowledge and dynamic construction of 

classification rules using rule-mining techniques 

may eliminate this dependence. 

7)  Multimodel  Human–Computer Interface.  A 

multimodel human–computer  interface  can  

convey  the  query  intentions more accurately and 

improve the accuracy of the retrieval re- sults.  

Furthermore,  the  video  output  with  multimodel  

repre- sentation is more visual and vivid. The 

layout of multimodel information     in     the     

human–computer     interface,     the effectiveness 
of the interface to quickly capture the results in 

which  users are interested, the suitability of the 

interface for users’  evaluation  and  feedback,  and  

interface’s  efficiency  in adapting  to  the  users’  

query  habits  and  expressions  of  their personality 

are all topics for further investigation. 

8) Combination of Perception with Video 

Retrieval. It is in- teresting  to simulate human  

perception  to exploit new video retrieval 

approaches. The research in visual perception 

shows that  the  human  vision  system  quickly  
identifies  the  salient image regions [46]. This 

ability extends from  salient  objects (i.e.,  faces)  in  

video scenes to significant  behaviors in  video 

sequences. New video retrieval schemes could be 

based on the detection and ex-traction of image 

regions or video behaviors that attract users’ 

attention [46], [162]. 

9)  Affective  Computing-Based  Video  Retrieval.  

Video  af- fective semantics describe human 

psychological feelings such as romance, pleasure, 

violence, sadness, and anger. Affective computing-

based video retrieval is the retrieval of videos that 
produce  these  feelings  in  the  viewer.  To  

combine  affective semantics from  the spoken  
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language in  the audio track  with visual  affective  

semantics  [75],  to  utilize  cognitive  models, 

cultural backgrounds, aesthetic criteria, cold and 

warm tones, psychology, or photography [88], and 

to understand affective semantics in videos are very 

interesting research issues. 

10) Distributed  Network  Video  Retrieval.  

Network  video re-trieval should adopt distributed 

frameworks [48] rather than conventional 

centralized frameworks. Distributed network re- 
trieval is composed of two stages: video gathering 

and video content analysis. In video gathering, the 

bandwidth of 

 

transportationandstorageiskeptlowbyusingonlyreal-

time 

onlinemethodstoanalyzethevideos.Invideocontenta

nalysis, 

moreelaboratemethodsareusedtosearchforspecifico

bjects 

andtocategorizethevideos.Thevideocontentanalysis
useskey 

dataextractedduringvideogathering.Videoindexing

and 

retrievalinthecloudcomputingenvironment,whereth

eindi- 

vidualvideostobesearchedandthedatasetofvideosare

both 

changingdynamically,willformanewandflourishing

research 

directioninvideoretrievalintheverynearfuture. 

11)SocialNetwork-

BasedVideoRetrieval.Besidesoptimiz- 
ingtheperformanceofeachlocalvideoindexingandret

rieval 

system,localsystemscanbeintegratedintoanetworkc

harac- 

terizedbydistributedandcollaborativeintelligencetoa

chieve 

moreaccurateretrieval.Itisveryinterestingtoimpleme

ntsuch 

integrationinthecontextofasocialnetworkinwhichus

ersla- 

belvideocontentswhichtheyrecommendtoeachother
through 

collaborativefilteringorinthecontextofavideoconten

tinfer- 

encenetworkinwhichvideocontentinferencesystems

learn 

fromeachotherandcomplementeachother[29].Suchi

nte- 

grationbyasocialnetworkcaneventakethesocialorcul

tural contextintoconsiderationduringvideoretrieval. 

 

VIII. CONCLUSION 

Wehavepresentedareviewonrecentdevelopmentsinv
i-sual content-

basedvideoindexingandretrieval.Thestateoftheartof 

existingapproachesineachmajorissuehasbeende-

scribedwith 

thefocusonthefollowingtasks:videostructureanalysi

s includingshotboundarydetection,keyframeextrac-

tionand 

scenesegmentation,extractionoffeaturesofstatickeyf

rames, 

objectsandmotions,videodatamining,videoclassific

a-tionand 

annotation,videosearchincludinginterface,similarit
ymeasure 

andrelevancefeedback,andvideosummarizationand

browsing. 

Attheendofthissurvey,wehavediscussedfuturedirect

ions suchasaffectivecomputing-

basedvideoretrievalanddistributed 

networkvideoretrieval. 
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