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ABSTRACT

Thisarticlepresentsanalgorithmforreadingbothsingleandmultipledigitalvideoclocksbyusinga
context-awarepixelperiodicitymethodandadeeplearningtechnique.Readingdigitalvideoclocks
inrealtimeisaverychallengingproblem.Thefirstchallengeistheclockdigitlocalization.The
existingpixelperiodicityisnotapplicabletolocalizingmultiplesecond-digitplaces.Thisarticle
proposesacontext-awarepixelperiodicitymethodtoidentifythesecond-pixelsofeachclock.The
secondchallengeisclock-digitrecognition.Forthistask,thealgorithmsbasedadomainknowledge
anddeeplearningtechniqueisproposedtorecognizeclockdigits.Theproposedalgorithmisbetter
thantheexistingbestoneintwoaspects.Thefirstoneisthatitcanreadnotonlysingledigitvideo
clockbutalsomultipledigitvideoclocks.Theotheristhatitrequiresashortlengthofavideoclip.
Theexperimentalresultsshowthattheproposedalgorithmcanachieve100%ofaccuracyinboth
localizationandrecognitionforbothsingleandmultipleclocks.
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INTRoDUCTIoN

Readingdigitalvideoclocks,alsocalledtimerecognition,isanapplication-orientedresearchproblem
because clock time is the critical information of multiple applications in video analysis, video
surveillance,panoramavideoproduction,andvideoindexingandretrieval(Bu,Sun,Ding,Miao,&
Yang,2008;Covavisaruch&Saengpanit,2004;Li,Wan,Yan,Yu,&Xu,2006;Li,Xu,Wan,Yan,
&Yu,2006;Xu,Wang,Wan,Li,&Duan,2006;Yin,Hua,&Zhang,2002;Yu,2012;Yu&Ding,
2015;Yu,Li,&SanLee,2008;Yu,Li,&Leong,2009;Yu,Cheng,Wu,&Song,2016;Yu,Ding,
Zeng,&Leong,2015;Yu,Lyu,Xiang,&Leong,2017).Readingdigitalvideoclocks,especially
readingmultipledigitalvideoclocksofavideo,isaverychallengingspecialcaseofreadingtext
fromoverlaidvideoobject,becausereadingdigitalvideoclockhasmultipleextradifficultiessuch
asmultipleasynchronyclocks,lowresolution,andtightprocessingtime.Infact,readinggeneral
scenetextstillisanopenresearchproblem(Anthimopoulos,Gatos,&Pratikakis,2013;Epshtein,
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Ofek,&Wexler,2010;Ghanei&Faez,2015,2016;Jaderberg,Simonyan,Vedaldi,&Zisserman,
2016;Lee,Lee,Lee,Yuille,&Koch,2011;Lyu,Song,&Cai,2005;Mishra,Alahari,&Jawahar,
2012;Neumann&Matas,2012,2013,2015;Pan,Hou,&Liu,2011;Shi,Wang,Xiao,Zhang,&
Gao,2013;Shi,Wang,Xiao,Gao,&Hu,2014;Shivakumara,Phan,&Tan,2011;Wang,Babenko,
&Belongie,2011;Wang,Wu,Coates,&Ng,2012;Weinman,Learned-Miller,&Hanson,2009;
Zhong,Jin,Zhang,&Feng,2016;Zhu&Zanibbi,2016).

The clock time plays a critical role in video semantics analysis. The time on clocks often
indicatesthegametimeoreventtimeinsportsandvideosurveillance(Xuetal.,2006;Zhongetal.,
2016;Zhu&Zanibbi,2016).Thispaperconsidersthecommoncaseinwhichdigitalvideoclocks
havebeensuperimposedonvideo.Whilecurrentvideosalreadycanhaveatextchanneltostorethe
encodedclockor/andtimestampinformation,thispaperproposedalgorithmdoesnotneedtouse
theseencodedclocksortimestamps(Buetal.,2008;Covavisaruch&Saengpanit,2004).Thus,the
proposedalgorithmhasawiderapplicationrange.Moreimportantly,itcanavoidtheharmfromthe
maliciousmodificationtotheencodedtimestampstoredintextchannel.

Alotofsportsandsurveillancevideoshavesuperimposeddigitalvideoclocksor/andtimestamps
forvariousreasons—suchastoshowgame-relatedtimeortoshowthetimeoftherecording.For
example,videoclocksinasoccervideoindicategametimelapsedataframe,whereasreversely-
runninggameclocksinbasketballvideosindicatetheremaininggametimeataframeandreversely-
runningshotclocksindicatethelongestremainingtimeofthecurrentballpossession.Examplesof
singleandmultipledigitalvideoclocksinsoccerandbasketballvideosareshowninFigure1.In
surveillancevideos,superimposingdigitalvideoclocksortimestampsintovideos(Yuetal.,2016)
isonemethodguardagainstmalicioustamperingoftheencodedtimestampinformationstoredin
videotextchannel.Hence,thereisaneedforalgorithmsforreadingthesuperimposeddigitalvideo
clock,independentlyoftheclockortimestampencodedinvideotextchannel.

Insports(soccer,basketball)videoanalysis,theclocktimeisnotonlythekeyelementofthe
videometadatainvideoindexingandannotation,butitisalsothebestreferenceforsynchronization
ofmultimodalcontentsextractedfromvideos,suchasvideos,gamelogs,andrelatedreportsonthe
sameevent(Leeetal.,2011;Li,Wan,etal.,2006).Forexample,bysynchronizingtheclocktime
(gametime)withtheeventtimeprovidedbygamelog,soccereventscanbedetectedmoreaccurately
atalowcomputingcost(Yuetal.,2009).Sequentiallytheeventsdetectedinaveryshorttimecan
beusedtoprovideliveeventalertserviceinsportsvideoanalysis,asreportedin(Yuetal.,2009).
Inbasketballvideos,thesuperimposedvideoclockrunswhenthegameisplayinganditstopswhen
thegamepauses.Hencetheinformationofbothgameandshotclockscanbeusedinsegmenting
playandbreaksections(Yu&Ding,2015).Inpanoramavideoproduction,videosfrommultiple
camerasmayhavemultipleclockssothatproducinghighqualitypanoramavideoneedstoremove
clocksfromindividualvideoandtoplantaclockintopanoramavideobasedontheresultsofreading
clocks.Insurveillancevideo,clocksindicaterealtimeoftakingvideos.Hence,clocktimerecognition
helps find time chains of person-activity from surveillance videos of city surveillance systems.
Insummary,readingmultipledigitalvideoclocksisavaluableandactiveresearchproblemwith
importantapplicationsinvideoanalysis,videoprocessing,videosummary,andvideosurveillance.

Theproblemofreadingdigitalvideoclockscanbedividedintotwosub-problems:clock-digit
localization and clock-digit recognition. The first sub-problem is a special case of the character
localizationproblem.However,textlocalization,whichisamainstepofcharacterlocalization,isa
difficultproblemtooandtheexistingalgorithmscannothaveasatisfactoryperformanceintermof
theindustrialcriteria,especiallyforlocalizingdigitsduetothatitishardtodifferentiatesomedigits
(Anthimopoulosetal.,2013;Epshteinetal.,2010;Ghanei&Faez,2015,2016;Jaderbergetal.,2016;
Leeetal.,2011;Lyuetal.,2005;Mishraetal.,2012;Neumann&Matas,2012,2013,2015;Panet
al.,2011;Sermanet,Kavukcuoglu,&LeCun,2009;Shietal.,2013,2014;Shivakumaraetal.,2011;
Wangetal.,2011;Wangetal.,2012;Weinmanetal.,2009;Yi&Tian,2011,2012;Zhongetal.,
2016;Zhu&Zanibbi,2016).Thus,researcherschangetodesigncustomalgorithmsforlocalizing
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clockdigits(Buetal.,2008;Covavisaruch&Saengpanit,2004;Li,Wan,etal.,2006;Li,Xu,etal.,
2006;Yinetal.,2002;Yu,2012;Yu&Ding,2015;Yuetal.,2008,2009,2016,2015).

Readingbothsingleandmultipledigitalvideoclocksisevenmoredifficultthansomescenetext
recognitionproblemsbecausethedigitalvideoclocksinsportsandsurveillancevideosposeseveral
extradifficultieswithrespecttodigitlocalizationandclock-digitrecognition:

• Asynchronizedmultipledigitalvideoclocksmayappearinthesamevideo;
• Digitsofthevideoclockareinverylowresolution.Thedimensionofadigitregionisinthe

rangeofonly4×7to7×12pixelsinMPEG-1andMPEG-2videos,respectively;
• Digitalvideoclocksvaryincolor,size,font,andformatfordifferentvideos.

ThesamplevideoclocksinFigure1illustratesomeofthesechallenges.Theexperimentalresults
inthispaperwillshowthatexistingOCRanddeeplearningalgorithmsappliedtoindividualvideo
framescannot reliably readdigitalvideoclocksunder the requiredconditions.Researchershave
designedcustomalgorithmsforsolvingproblemofreadingdigitalvideoclocks(Buetal.,2008;
Covavisaruch&Saengpanit,2004;Li,Wan,etal.,2006;Li,Xu,etal.,2006;Yinetal.,2002;Yu,
2012;Yu&Ding,2015;Yuetal.,2008,2009,2016,2015).

Somemethodstakeanimageprocessingapproachtolocalizeclocks(Buetal.,2008;Covavisaruch
&Saengpanit,2004).Themainideaofthesemethodsistouseaseriesofimageprocessingoperations
toonlykeepsomepixelsthatbelongtoclocks(Buetal.,2008;Covavisaruch&Saengpanit,2004).It
wasreportedthattheperformanceofthesemethodscanonlyachieve85.6%ofaccuraciesfortimestamp
detectionandthattheyarealsotimeconsuming.Theproceduresin(Li,Wan,etal.,2006)and(Li,
Xu,etal.,2006)forlocalizingclockdigitsmainlyuseimageprocessingtechniquestoo.Hence,they
aretediousandnotrobust.Forclock-digitlocalization(Yu,2012;Yuetal.,2015)proposedapixel
periodicitymethod.Thismethodhasaverygoodperformanceforlocalizingthesecond-digitplace
ifonlyasingledigitalclockisinavideo,butitisnotapplicabletolocalizationofmultiplesecond-
digitplacesbecausemultipleclocksprobablyhaveasynchronyperiodicitiesindigittransit,i.e.they
changetheirdigitsonsecond-digitplacesatdifferentframes.

Thesecondsub-problemofreadingdigitalvideoclocksisclock-digitrecognition,aspecialcase
ofOCR(OpticalCharacterRecognition)problemsincethetimeondigitalvideoclockconsistsof
digits.Again,researchersdevelopedthecustomalgorithmsforrecognizingclockdigits.

The first algorithmfor readingdigitalvideoclocks isbasedon the ideaofdetecting transit
frames(Li,Wan,etal.,2006;Li,Xu,etal.,2006).Transitframeswithrespecttoadigitplaceare
framesonwhichtheconsidereddigitplacetransitsitsdigit.Thatmeansthatthealgorithmmakes

Figure 1. The samples of various digit video clock boards. The bottom three among the above 6 clock boards are samples that 
have two clocks.
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useofthedomainknowledgethattheclock-digitschangeaccordingtotherulesofclock:thesecond-
digitcyclesthrough0to9andthenitcausesatransitintheten-second-digit,andsoon.Basedon
this,themethodproposedin(Li,Wan,etal.,2006)and(Li,Xu,etal.,2006)firstdetectsthetransit
framefortheten-second-digitplaceofaclock.Thealgorithmcantheninferthenumberrepresented
bythesecond-digit(whichisresetto0afterthetransitframe).Thedetectionofthetransitframeis
solvedbymonitoringthechangesoftheten-second-digitovertimeandcanbemodeledasfinding
alocalextremaforthecorrelationfunctionofframetransits.Thismethodinvolvestheuseoftime-
consumingimageprocessingtechniquessuchasclockboarddetection,localcoloranalysis,character
candidateextraction,CCA(connectedcomponentanalysis),andmorphology.Oneobviousdemeritof
thismethodisthatitrequiresalongerclip(maybeseveraltensofseconds)asinputtodetecttransit
framesoften-second-digit.

Incontrast,thealgorithmproposedin(Yuetal.,2008)and(Yuetal.,2015)isbasedontheidea
ofrecognizingtheperiodictransitsofthesecond-digitsequenceasfollows:sincethesecond-digit
goesthroughtheperiodictransitfrom0to9,oncethetransitframesofthesecond-digitareknown,
thedigitimageinstancesoffrom0to9canbecollectedandtheyareintheperiodicincreasingorder
iftheyplacedinappearanceorderinthevideo.Thealgorithmthencanrecognizethisperiodicdigit
sequence,calledasdigit-sequencerecognition.Forthismethodtowork,theclock-digitsmustbefirst
localizedandextractedbeforethedigit-sequencerecognition.Onedemeritofthismethodcannot
workforreadingmultipledigitvideoclocksbecausethemultipleclocksmayhaveasynchronized
transitframes.Anotherdemeritofthismethodisthatthedigit-sequencerecognitionrequiresthat
thelengthofinputclipisatleast8secondlongtobecomeveryrobust.

Thispaperdevelops an algorithm that can readnot only singledigital video clockbut also
multipledigitalvideoclocks.Forsecondplacelocalization,acontext-awarepixelperiodicitymethod
(CPP)isproposedtostrengthenthepixelperiodicitymethod(PPM)presentedin(Yu,2012)and
(Yuetal.,2015).CPPcandirectlyidentifythepixelsbelongtosecondplaceswithoutdetectingthe
transit framesofsecondplaces.Thissolves thedifficulty thatmultipledigitalvideoclockshave
differenttransitframes.Thismethodcapturesthefactsthatsomepixelsinsecond-digitplaceofa
runningclockwillchangetheirgrayvalueseverysecond,someotherpixelskeeprelativeconstancy
forseveralseconds,andtheyaremutualsupportbybeingneighbors.TheCPPmethodcanreliably
identifythepixelsbelongtosecondplacewithoutknowingtransitframessothatitcandirectlyand
simultaneouslylocalizesmultiplesecond-digitplaces.

For clock-digit recognition, this paper proposes customized algorithms based on domain
knowledgeanddeeplearningtechniquetorecognizedigit-sequenceandrepeateddigits.Firstadigit-
sequencedeeplearningalgorithmisdevelopedtorecognizedigitsonthesecondplacesofmultiple
clocksandtofindthetransitframes.Thenadigit-repeateddeeplearningalgorithmisdevelopedto
recognizethedigitsonotherdigitplaces.

Therestofthepaperisorganizedasfollows.Thesecondsectiongivesanoverviewoftheproposed
algorithm.Thethirdsectionpresentsthetechnicaldetailsoftheproposedalgorithmforreadingsingle
andmultipledigitalvideoclocks.Experimentalresultsarepresentedinthefourthsection.Thefifth
sectionconcludesthepaper.

PRoBLeM DeFINITIoN AND ALGoRITHM oVeRVIew

Thissectionfirstformalizestheproblemofreadingdigitalvideoclocksandthengivesanoverview
oftheproposedalgorithm.Avideomayhaveseveralclocks.Forexample,abasketballvideomay
havegameclockandshotclock.Thenumberofdigitsonadigitalvideoclockcanvaryfrom3to
14,butthecoretaskistoreadthefourclock-digitsrepresentingasecond,tenseconds,aminute,and
tenminutes,denotedass-digit,ts-digit,m-digit,andtm-digitintherestofthispaper,respectively.
Aclockmayonlyhave3digitstorepresenttimewhenitneedsasingledigittorepresentminutes,
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butforsimplicityofpresentationaclockisassumedtohavefourclockdigitsintherestofthepaper.
Withthisconvention,theproblemofreadingdigitalvideoclocksisstatedasfollows.

Problem of Reading Digital Video Clocks:LetB r c w h
i
k

i
k

i
k

i
k

i
k= ( ), , , for i = 1 to4andk = 1 to

M betheboundingboxesofs-digit,ts-digit,m-digit,andtm-digitofk thworkingdigitalvideo
clock,respectively.Theproblemofreadingmultipledigitalvideoclocksisto:
1. LocalizeboxesB r c w h

i
k

i
k

i
k

i
k

i
k= ( ), , , for i = 1 to4andk = 1 toM ;

2. RecognizedigitsinB r c w h
i
k

i
k

i
k

i
k

i
k= ( ), , , for i = 1 to4andk = 1 toM .

AnalgorithmforreadingbothsingleandmultipledigitalvideoclocksisdepictedinAlgorithm
1.Theinputofthealgorithmisavideothathassingleormultipleworkingdigitalvideoclocksand
theoutputisboththeframenumberofthefirstframeinwhichthetimeisrecognizedandthetime
ofvideoclockinthisframeforeachclock.Theobjectiveofthealgorithmistorecognizethetime
ofdigitalvideoclockasearlyaspossibleintermofvideotimewithalowcostofcomputing.Suppose
thatthevideoclockstartstoappearinthe i thframeandthealgorithmrecognizesthetimeinthe
i i+( )∆ thframe,where∆i wantstobeassmallaspossibleandthecomputingtimeisasshortas

possible.
Theproposedalgorithmforreadingmultipledigitalvideoclockspossessesthreemainphases:

s-digitlocalization,x-digitlocalization,andclock-digitrecognition,andtheyaredescribedasfollows:

• S-digit localization:Thisisthefirstcriticalstepoftheproposedalgorithm,whichfindsthe
boundingboxesofs-digits.Intheliterature(Li,Wan,etal.,2006)and(Li,Xu,etal.,2006),the
boundingboxofans-digitisobtainedbyatediousimageprocessingprocedurewhichconducts
charactercandidateextraction,connectedcomponentanalysis,andcharactercandidatemonitoring.
Suchaprocedureistimeconsuminganderror-prone.Unlikethisapproach,themethodproposed
inourpreviouspaperstakesthevideoanalysisapproachtolocalizes-digit(Yu,2012;Yuet
al.,2015).Particularlythismethodusesthegreyvaluechangeinformationofs-digitpixelsto
computetheboundingboxofs-digit.Onthepixelvaluechangeofs-digitapieceofknowledge
isdiscovered,calledpixelperiodicitybyusingthefactthatsomepixelsins-digitregionwill
change their values when s-digit changes its digit and their values keep relatively constant
betweentwotransitframes.Besidesthisperiodicity,thispaperdiscoversandusesotherpieces
ofknowledge,whichisthatsomepixelsins-digitregionarerelativelyconstantbecausethey
arethebackgroundpixel,althoughitbelongstosecondplace.Inaddition,twotypesofpixels
aremutualsupportbybeingneighborsbecausetheyarewithinthesames-digitplace.Basedon
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theseobservedfacts,acontext-awarepixelperiodicitymethod(shortedasCPP)isformed.A
setoffunctionsaredefinedtocapturetheknowledgeandthusthes-digitlocalizationproblemis
convertedintotheproblemofcomputingthesefunctions.Threeactionsaredesignedtoobtainthe
s-digitboundingbox.Thefirstactionistoobtainthesetofthes-digitpixelcandidatesleveraging
onthecontext-awarepixelperiodicitymethod.Thesecondoneistofindtheclustersofs-digit
pixelcandidatesastheapproximateregionsofs-digits.Thirdoneistouseafurtherlocalimage
analysisprocessinasmallareatogettheprecises-digitbounding;

• X-digits localization:Tolocalizex-digits,thedigitcolorandthebackgroundcolorneedtobe
knownfirstsothattheycanbeusedtoextractdigitsontheotherthree-digitplaces.Sincethe
s-digitboundingboxhasbeenlocalizedbythes-digitlocalizationmethod,asetofinstancescan
becollectedfromans-digitofthegivenvideo.Thus,thedigitcoloranddigitbackgroundcolors
canbefoundbyanalyzingthesetofdigitinstancesandidentifiedfore-andback-grounds-digit
pixels.Usingthetwoacquiredcolors,allclockdigitsofaclockcanbeextracted.Atthesame
time,alldigitpixelscanbeconvertedintowhiteandallbackgroundpixelscanbeconvertedinto
black.Thus,thecolordifferenceofvariousdigitalvideoclocksiseliminatedforthefollowing
stepsofthealgorithm.Asyoumayknow,thefourclock-digitsareinahorizontallineinthesame
sizeandthatthegapsbetweentwoneighbordigitsarethesame,exceptthatasemicolonmaybe
addedbetweenthem-digitandts-digit.Adigitlocationequationsystemwithtwounknownsis
builttolocalizeotherdigitplacesbyusingtheabove-observedfacts.AndaHough-likesearch
procedureisproposedtofindthesolutionofthissystem.Thiscompletesthesub-problemof
theclock-digitlocalization;

• Clock-digit recognition:AssumethattheframerateRisintegerinthispaperbecausetherelated
formulathroughslightchangescanbeappliedtothecasethatRisfloat.Generallyspeaking,
thes-digittransitframescanbefoundbydefiningafunctionbasedonpixel-valuechangewith
thelocalizeds-digitboundingbox(Yu,2012;Yuetal.,2015).However,tocalculatethisfunction
reliablytheinputclipisatleast11secondlong.Thispaperproposesanewmethodthatcanfind
thetransitframesandrecognizes-digitatthesametime.Thismethodgoestorecognizeand
compare3-digitsequences,whicharethedigitsequenceformedfromthedigitsons-digitplace
onframeb .R b+ ,2R b+ forb .from1toR .Thenadigit-sequencedeeplearningalgorithm
isdesignedtorecognizethese3-digitsequencesandtoinferencetransitframesanddigitson
s-digitplaces.Byadoptingpartitionstrategy,thisalgorithmonlyneedstorecognize lnR


 .times

of3-digitsequences.All transit framesofx-digitsareknownafters-digit transit framesare
known.Basedonthisfactadigit-repeateddeeplearningalgorithmisproposedtorecognizethe
repeateddigitsextractedfromx-digitplaces.

ReADING DIGITAL VIDeo CLoCKS

This sectionpresents the technicaldetailsof the three steps forming theproposedalgorithmfor
readingdigitalvideoclocksinthefollowingthreesub-sections,respectively.

S-Digit Localization
This sectionpresentsprocedure for finding theboundingboxesof clock-second (s-digit)places,
leveragingontheproposedcontext-awarepixelperiodicitymethod(CPP),whichusesnotonlythe
periodicityofs-digitpixelsbutalsothecontextinformationofthes-digitpixels.Thisnewmethod
capturesthefactsthatsomepixelsins-digitregionwillsignificantlychangetheirgrayvalueswhen
s-digittransitsitsdigit,someotherpixelsins-digitregionorons-digitboundingboxeshaverelatively
constantgrayvalues,andthesepixelsfromthesames-digitareneighbors.Thepixelperiodicity
captures that theobservation thatsomepixels ins-digit regionofaworkingvideoclockchange
theirgreyvalueseverysecond.Figure2givestheillustrationofthispixelperiodicityonthes-digit
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place.Thenotationsandconceptsaredefinedfirst,andthentheformulaforcomputingthes-digit
boundingboxarepresented.

LetF
i
betheconsideredframe.ThenF

i R− ,F
i R− +1 ,...,F

i−1 andF
i
,F

i+1 ,...,F
i R+ −1 aretheR 

framesintheprecedingsecondandthesucceedingsecond,respectively.Let c k p,( ) bethegrey
valueofpixel p inframeF

k
.Thentheauthorshavefollowingdefinitions.

Definition 1:(ConstantPixel)LetF
k

for k = 1 toL tobeL framesincludingatleast3second
consecutiveframes.Pixel p iscalledasaconstantpixelifitmeetsthefollowingcondition:

1. c k p C,( )− <
1 1
β fork i= toL ,whereC

L
c k p

k

L

1
1

1
= ( )

=
∑ , ,whereβ

1
isathreshold.

Definition 2:Pixelp iscalledaperiodicitypixelatframei ifitsimultaneouslymeetsthefollowing
threeconditions:

1. c k p C,( )− <
2 2
β fork i R= − +1 to i −1 ,whereC

R
c k p

k i R

i

2

11
= ( )

= −

−

∑ , ;

2. c k p C,( )− <
3 2
β fork i= to i R+ −1 ,whereC

R
c k p

k i

i R

3

11
= ( )

=

+ −

∑ , ;

3. C C
2 3 3
− > β whereβ

2
andβ

3
aretwothresholds.

Definition 3:(PeriodicityPixel)Pixelp iscalleda O k,( ) periodicitypixelifitmeetsthefollowing
conditions:
1. Itisasecondperiodicitypixelat i

1
, i

2
,..., i

k
frames;

2. abs i i
u v

( −( ) modR)< 2 for1≤ < ≤v u k .
Definition 4:(S-DigitPixelCandidate)Pixel p iscalledans-digitpixelcandidateifitis O k,( ) 

periodicitypixelfor k ≥ 2 anditislessthan β
4
pixelsawayfromaconstantpixeloranother

s-digitpixelcandidate.
Definition 5:(S-DigitRegion)Aclusterofs-digitpixelcandidateisconsideredasans-digitplace

ifitscardinalityislargerthanβ
5
.

Onceans-digitplaceisfoundtheboundingboxofthiss-digitplacecanbeobtainedthrougha
localanalysis.

Figure 2. The second-pixel periodicity illustration of a sample pixel in s-digit region in 10 seconds. (a) The red dots are the 
positions of a monitored pixel in s-digit region through 10 seconds (the resolution of each instance is 11 × 14 and the coordinate 
of the red dots is at piexl (6,9)). (b) The graph of the grey value of the monitored pixel in 10 seconds. Each short horizontal line 
indicates the average of the corresponding second of the gray values of the monitored pixel.
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X-Digits Localization
Thissectionpresentstheprocedurethatlocalizesthex-digitsofaclockusingaHough-likeprocedure
whichconsidersthattheboundingboxofs-digithasacquiredintheprecedingsectionasitsinput.
Thisproceduredoescolorlearningandcolor-baseddigitextraction.

Digit Color Acquisition and Conversion
Itispresentedtheprocedureforacquiringthedigitcolorandthedigitbackgroundcolorforthedigit
instancesofagivenvideo.Atfirst,allthedigitinstancesonans-digitplacefromaclipofvseconds,
formingaset S s i

i
= ={ : 1 to v R* } .Figure3(a)showsallthes-digitinstancesofa3-second

longclip.Figure3(c)isthehistogramofthesedigitinstances,calledtheinstancehistogram.The
histogramofthesedigitinstancesconsistsoftwoportions:onecorrespondingtothedigitcolorand
theothercorrespondingtothebackgroundcolor.Theconstantpixelsneartheboundaryofthebounding
boxcanformasingle-peakhistogramasshowninFigure3(b).Thus,thedigithistogramcanbe
obtainedbysubtractingthebackgroundcolorhistogramfromtheinstancehistogram,asillustrated
inFigure3(c).ThenthedigitcolorGaussianandthebackgroundcolorGaussiancanbefoundfrom
thedigitandthebackgroundcolorhistogram.NextthetwocolorGaussiansareusedtoidentifythe
pixelsonthedigit.Atthesametimeeachdigitpixelischangedinto255(white)andtheoneofeach
digitbackgroundpixelinto0(black)asFigure3(d)and(e)shows.Basedontheabovediscussion
anddescriptionaprocedure,calledasProcedureI(fortheconciseofthepresentationthisprocedure
isnotpresentedhere),isformedtoextractdigitsandtoconvertdigitinstancesfordigitalvideoclock.

X-Digits Bounding Box Computation
This section aims todetermine theboundingboxesof x-digits after the s-digit boundingbox is
acquiredandcolorconversionhasdone.LetB r c w h= ( ), , , denotethes-digitboundingboxfound
intheprecedingsection.LetB r c w h

i i i i i
= ( ), , , for i = 1 to4denotetheboxesofs-digit,ts-digit,

m-digit, and tm-digit in a digital video clock, respectively. For the convenience, B  or B
1
 is

alternativelyusedtorepresenttheboxofs-digit.Duetothefourboxeshavingthesamedimension
andalsothedistancebetweenB

1
andB

2
beingthesameasthedistancebetweenB

3
andB

4
an

equationsystemforB r c w h
i i i i i
= ( ), , , for i = 1 to4formsasfollows:

Θ :

, , , , , ,

, , , , , ,

r c w h r c d w h

r c w h r c d d w h

r

2 2 2 2 1

3 3 3 3 1 2

( ) = −( )
( ) = − −( )
44 4 4 4 1 2

2, , , , , ,c w h r c d d w h( ) = − −( )










 (1)

Figure 3. The digit instances, their histograms, and the samples of the digit extraction and conversion. The digit instances of 
s-digit are shown in (a) from a s-digit place of a 3 second clip; the histogram of all instances in (a) is given in (b); the histogram 
of the constancy pixels is given in (c); three s-digit instances and their converted version are given in (d) and a color converted 
clock is given in (e).
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Thelocationsofthefourclock-digitsaredeterminedafteraHough-likeprocedureisusedto
determine d

1
 and d

2
. The Hough space is H d d d d= ( ) ≤ ≤ ≤ ≤{ }1 2 1

1
1 2

1
1
2

1 2
2, : &η η η η  where

η η η η
1
1

2
1

1
2

2
2, , , areconstantintegers.

Let l
i
betheverticalmiddlelineofB

i
andd p l

i
,( ) isthedistancefrom p to l

i
.Apotential

energyfunctionisdefinedasfollows:
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Thus,themeasurefunctionofeachcellofHcanbedefinedasfollows:
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Forallpairsof d d
1 2
,( ) inH Λ d d

1 2
,( ) .iscomputed.And d d

1 2
,( ) correspondingtotheminimum

ofΛ d d
1 2
,( ) isthesolutionoftheequationsystem.

Clock-Digit Recognition
Digit-sequencerecognitionmethodusedin(Yuetal.,2008)and(Yuetal.,2015)isarobustmethod
thatcanrecognizess-digitwhenboththeboundingboxofs-digitands-digittransitframesareknown.
However,thedigit-sequencemethodrequirestheinputclipisatleast8secondlongtoberobust.To
reducetherequirementtothelengthoftheinputclip,thispaperproposesa3-digitsequencedeep
learningproceduretofindthes-digittransitframesandtorecognizes-digitssimultaneously.We
usethetrainedCNN1.

Theboundingboxofs-digitofeachclockisknownbyusingthes-digitlocalizationprocedure
presentedintheprecedingsections.Infact,framesfrom t k R+ +* 1 to t k R+ +( )1 * havethe
sames-digitifframe t iss-digittransitframebecausethes-digittransitframesaretheframesthat
s-digittransitsitsdigit.Thus,thes-digitintheframest k R+ +* 1 tot k R+ +( )1 * isnumberk 
ifthes-digitintheframesfromt tot R+ is“0”.Inotherwords,thes-digitsintheframesfromt 
to t v R+ * formadigitperiodicincreasingsequenceaccordingtotheclockknowledge,supposed
thattheinputclipisv secondlong( )v < 10 .

Basedonthesefacts, thispaperproposesa3-digitsequenceCNNrecognitionprocedurefor
findings-digittransitframesandrecognizings-digitssimultaneouslyisformedasfollows,denoted
asProcedureII.
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Onces-digittransitframesareknown,allthetransitframesforallx-digitsareknown.Considering
thetransitframebetween0and24,theauthorscantakeatleast75frameswiththesamedigitforany
x-digitfroma4secondlongclip(Noticethatthevideointhispaperis25framespersecond).Hence
anoddnumberofframesfromthese75framescanbeselectedtorecognizeanx-digitinProcedureIII.
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ProcedureIIandIIItogethercanrecognizealldigitsofallclocks.Inotherword,clock-digit
recognitionstepisfinished.

eXPeRIMeNTAL ReSULTS

Thealgorithmforreadingbothsingleandmultipledigitalvideoclockspresentedinthispaperis
implementedinC++.Adatasetisbuilttoevaluatetheproposedalgorithm.Thisdatasethas1500
MPEG-2videoclipsconsistingofthree500clipsandeachclipis15secondlong.Eachofthefirst
500clipscontainsasingleclock,eachofthesecond500clipscontainstwoclocks,andeachofthe
third500clipscontainsfourclocks.Thefirst500clipsareeditedfrombroadcastsoccer,basketball
videos,andsurveillancevideos.Thesecond500clipsareeditedfrombroadcastbasketballvideos.
Eachofthethird500clipsisgeneratedbyaprogramfromtwodifferenttwobasketballclips,which
producesaclipwithfourclocksbycopyingthetwoclocksfromaframeofaclipandpastingthe
copiedtwoclocksonthecorrespondingframeoftheotherclip.Theproducedclipisacceptedwhen
thefourclocksareatthedifferentlocations.Alltheclocksinthedatasetworkfromthebeginningto
theendoftheclip.Theseclipsvaryindigitcolor,digitbackgroundcolor,size,andfont.

Performance of Clock Digits Localization
(Yu,2012)and(Yuetal.,2015)presentedapixelperiodicitymethod(shortedasPPM)tolocalizethe
seconddigitofdigitalvideoclock.Thismethodcanlocalizethesecondplacewith100%ofaccuracy,
butitrequiresthatthelengthofinputclipsisatleast11secondlong.Anditisnotapplicableto
localizemultiplesecondplacesbecauseitneedstodetectthetransitframesfirst.Thispaperproposesa
context-awarepixelperiodicitymethod(shortedasCPP)thatisenhancedfromPPM.Theexperiments
areconductedtocomparetheaccuraciesofPPMandCPPforlocalizingsingleandmultiples-digits.
AndtheresultsaregiveninTable1.

InTable1,“SingleClock”means500clipsthateachclipcarriesasingledigitalvideoclock,
“TwoClocks”means500clipsthateachclipcarriestwodigitalvideoclocks,and“FourClocks”
means500clipsthateachclipcarriesfourdigitalvideoclocksandtheyaretestedinbatch;“X”
meansthatthemethodisnotapplicableforthecorrespondingcases.Table1showsthatthesecond
digitperiodicitymethod(PPM)canachievea100%ofaccuracyforsingles-digitlocalizationuntil
thelengthofinputclipsreaches11secondandthatCPPcanlocalizenotonlysinglebutalsomultiple
s-digitsiftherequirelengthofclipsreach5seconds.

Performance Comparison on Clock Digit Recognition
Theauthorsfirstpresenttwoprocedures,calledasdCNNandCollectiveCNN.Thentheexperiments
areconductedtocomparetheperformancesofs-digitrecognitionoffourdifferentmethods,dSequence

Table 1. Comparison on accuracies of PPM and CPP for localizing s-digit on 500 clips with single digit clock, 500 clips with two 
digit clocks, and 500 clips with four digit clocks

Length in Second of Clip 4 5 6 7 8 9 10 11

Accuracyin%

SingleClock
PPM 0 0 3 72 81 82 91 100

CPP 86.4 100 100 100 100 100 100 100

TwoClocks
PPM X X X X X X X X

CPP 80.3 100 100 100 100 100 100 100

FourClocks
PPM X X X X X X X X

CPP 70 100 100 100 100 100 100 100
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(digit-sequenceprocedurepresentedin(Yuetal.,2015)),ProcedureII,dCNN,andCollectiveCNN.
Itisawidely-takenapproachtousedeeplearningtechniquetorecognizethelocalizedcharacter.
HencetheauthorstakedCNNandCollectiveCNNasbaselineprocedurestoevaluatetheproposed
procedures.ProceduredCNNispreparedbydirectlyusingCNNtorecognizes-digitandfinds-digit
transitframes.

TopresentthecollectiveCNNprocedure,denotedasCollectiveCNN,theauthorsfirstdefine
J t d,( ) .

Definition 6:Let s s s
j R1 2

, ,...
*

be j R* s-digitinstancesforagivenboundingboxfrom j second
long clip. Let r

i
 be the recognized digit by apply CNN on s

i
. The digit series should be

v v v
j R1 2

, ,...,
*

if t isthefirsttransitframeandthatd isthedigiton s
1
.Withthesenotations,

J t d,( ) isdefinedasbelow:

J t d r v
i

j R

i i
, ( )

*

( ) = ≡
=
∑
1

 (4)
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Table2givestheexperimentalresultsofs-digitrecognitionbyusingfourdifferentpro-cedures,
dSequence,dCNN,CollectiveCNN,andProcedureII.InTable2,“SingleClock”,“TwoClocks”,“Four
Clocks”,and“X”havethesamemeaningasinTable1.Table2presentsaccuracyofrecognizing
s-digitbyusingdSequence,dCNN,CollectiveCNN,andProcedureIIproposedinthispaper.There
arethreeconclusionsfromTable2.ThefirstoneisthatdSequencecanbeusedtorecognizes-digits
ofsingledigitalclocksbutnotmultiples-digits.ThesecondoneisthatdCNNcannotget100%of
accuracy.ThirdoneisthatbothCollectiveandProcedureIIcanrecognizes-digitsofnotonlysingle
digitalclocks,butalsomultipledigitalclocksanditcanachievea100%ofaccuracywhentheinput
videoislongerthan4second.

InTable3,“v (procedureparameter)”istheparameterofProcedureIII,indicatinghowmany
instancesareusedinrecognitionprocess;“SingleClock”,“TwoClocks”,and“FourClocks”have
thesamemeaningasinTable1.Table3showsthatCNNcannotgeta100%ofaccuracyifitusedto
recognizesingleinstance.Incontrast,Table3showsthattheproposedProcedureIIIcanachievea
100%ofaccuracyifv isequalorlargerthan5,i.e.v ≥ 5 fornotonlysingledigitalclockbutalso
multipledigitalclocks.

Comparison on Computational Time Costs
Theexperimentsareconductedtocomparethecomputationaltimecostsandtheirvariantsofclock
digitlocalizationandclockdigitrecognitionbyusingtheproposedalgorithmandtherelevantvarious
procedures.Intheexperiment,eachofthree500clipsaresplitintofive100-clipgroups,respectively.

InTable4, µ and σ arethemeansandthevariancesofthecomputationtimesoffinishinga
taskforabatchof100clips.Fromthetable,theauthorshavetwoconclusions.Thefirstoneisthat
eachstepofouralgorithmisveryfastandthewholealgorithmfinisheswithin4.9seconds.Theother
oneisthatfors-digitrecognitiontheproposedProcedureIIisfasterthanCollectiveCNNanddCNN
by5to6times.

FromTable2andTable3theauthorshavethefollowingconclusion.TheproposedProcedureII
isfasterthanCollectiveCNNby5times,thoughbothProcedureIIandCollectiveCNNcanachieve
a100%ofaccuracyforrecognizings-digitsforsingleandmultipledigitalclockswhenthelengthof
theinputclipsreaches4seconds.

Table 2. Accuracy comparison of recognizing s-digit by using dSequence, dCNN, CollectiveCNN, and Procedure II on 500 clips 
with single clock, 500 clips with two clocks, and 500 clips with four clocks

Length in Second of Clip 2 3 4 5 6 7 8 9 10

Single Clock

dSequence X 0 0 3 72 81 82 92 100

dCNN 95.7 95.7 95.7 95.7 95.7 95.7 95.7 95.7 95.7

CollectiveCNN 99.9 100 100 100 100 100 100 100 100

ProcedureII X X 100 100 100 100 100 100 100

Two Clocks

dSequence X X X X X X X X X

dCNN 92.5 92.5 92.5 92.5 92.5 92.5 92.5 92.5 92.5

CollectiveCNN 99.8 100 100 100 100 100 100 100 100

ProcedureII X X 100 100 100 100 100 100 100

Four Clocks

dSequence X X X X X X X X X

dCNN 91.6 91.6 91.6 91.6 91.6 91.6 91.6 91.6 91.6

CollectiveCNN 99.8 100 100 100 100 100 100 100 100

ProcedureII X X 100 100 100 100 100 100 100
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CoNCLUSIoN

Thispaperhaspresentedanalgorithmthatcanreadnotonlysingledigitalclockbutalsomultiple
digitalvideoclocksatalowcomputationaltimecostrequiringashortlengthofinputclips.The
algorithmiseasytoimplementbecauseitconvertsthedigitlocalizationprocedureintocomputing
severalfunctions,replacedaverytediousanderror-proneproce-dureinthetraditionalalgorithms.
Thesefunctionsproperlyconsistofanimplementationofthecontext-awarepixelperiodicitymethod,
whichcapturesthefactsthatsomesecond-pixelschangetheirgreyvaluesecondly,someothersecond-
pixelskeepconstancyforseveralseconds,andtheyareneighbors.Anotherimportantcontribution
isthata3-digit-sequenceCNNprocedureistheproposed,whichachievesa100%ofaccuracyin
recognizings-digitandfindingtransitframesofs-digits.Experimentalresultsshowthatournew
algorithmhasamuchbetterperformanceintermsofaccuracyandthelengthofinputclipcompared
withtheexistingmethodsforreadingsingledigitalclock(Buetal.,2008;Covavisaruch&Saengpanit,
2004;Li,Wan,etal.,2006;Li,Xu,etal.,2006;Yu,2012;Yu&Ding,2015;Yuetal.,2008,2009,
2016,2015)andthatitachievedanexcellentperformanceinreadingmultipledigitalvideoclocks.

Thisarticlehasthreetechniquecontributions.Thefirstonethatitproposesacontext-awarepixel
periodicitymethodforlocalizingsecondplacesofsingleandmultipledigitalvideoclocks,which
evolvedfromthepixelperiodicitymethodpresentedin(Yu,2012)and(Yuetal.,2015).Thismethod
candirectlyandsimultaneouslyidentifysecondplacesofmultipleclocksatafastway,hassolved
thedifficultyofdetectingtransitframesofmultiples-digitplaces(Li,Wan,etal.,2006;Li,Xu,et

Table 3. Accuracy change of recognizing x-digits by using Procedure III against the number of repeated frames on 500 clips 
with single clock, 500 clips with two clocks, and 500 clips with four clocks

v (Algorithm Parameter) 1 3 5 7 9 11

Single Clock 99.5 100 100 100 100 100

Two Clocks 99.4 99.9 100 100 100 100

Four Clocks 99.2 99.5 100 100 100 100

Table 4. Comparison on computational time costs of clock digit localization and clock digit recognition by using various 
procedures on 500 clips with single clock, 500 clips with two clocks, and 500 clips with four clocks

Task s-Digit 
Localization

Other Digits 
Localization

s-Digit Recognition Other Digits 
Recognition

Total Time

Method CSP Procedure I Procedure II CollectiveCNN dCNN Procedure III

v-Type #total µ σ µ σ µ σ µ σ µ σ µ σ µ σ

Single
clock

1st-100 0.198 0.027 0.004 0.001 0.661 0.011 4.352 0.401 4.266 0.468 1.002 0.010 1.865 0.269

2nd-100 0.221 0.043 0.004 0.003 0.697 0.022 5.025 0.123 4.717 0.234 1.225 0.020 2.147 0.449

3rd-100 0.219 0.039 0.003 0.001 0.698 0.034 5.042 0.504 4.698 0.249 1.169 0.030 2.089 0.474

4th-100 0.233 0.041 0.004 0.002 0.701 0.036 5.045 0.322 4.702 0.253 1.228 0.032 2.166 0.458

5th-100 0.212 0.038 0.004 0.002 0.695 0.028 5.039 0.421 4.689 0.241 1.095 0.025 2.006 0.443

Two
clocks

1st-100 0.237 0.024 0.004 0.001 1.419 0.085 12.008 1.123 11.896 0.988 1.556 0.076 3.216 0.666

2nd-100 0.242 0.026 0.003 0.001 1.422 0.087 11.557 1.491 11.326 1.023 1.563 0.077 3.227 0.722

3rd-100 0.227 0.029 0.003 0.001 1.655 0.078 11.323 1.616 11.036 1.265 1.677 0.069 3.562 0.858

4th-100 0.235 0.025 0.003 0.001 1.511 0.082 11.962 1.115 11.656 1.323 1.670 0.073 3.419 0.865

5th-100 0.231 0.025 0.004 0.001 1.476 0.085 12.001 1.365 11.921 1.236 1.670 0.076 3.381 0.788

Four
clocks

1st-100 0.223 0.034 0.004 0.002 2.903 0.115 19.125 1.536 14.597 1.362 1.556 0.083 4.686 0.853

2nd-100 0.225 0.029 0.005 0.001 2.789 0.099 21.223 1.798 15.633 1.712 1.563 0.067 4.582 0.925

3rd-100 0.214 0.032 0.005 0.001 2.762 0.083 18.365 1.885 15.051 1.613 1.677 0.092 4.658 0.736

4th-100 0.244 0.031 0.004 0.002 2.831 0.095 19.995 1.815 15.412 1.214 1.670 0.081 4.749 1.062

5th-100 0.225 0.027 0.005 0.001 2.981 0.102 22.107 2.062 15.887 1.512 1.670 0.096 4.881 1.125
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al.,2006;Yu,2012;Yuetal.,2015).Asecondtechnicalcontributionisanews-digitrecognition
procedure that is based on domain knowledge and deep learning technique. This procedure can
accuratelyrecognizes-digitsandfinds-digittransitframes.Thethirdoneisthatitproposesanew
procedure,calledProcedureII,whichisbasedonthedomainknowledgeanddeeplearningtechnique.
Thisprocedurecanaccuratelyrecognizeallx-digitsatalowcomputationaltimecost.

Fortheconcisethepresentedalgorithmhasthreeassumptionsthatcanberemovedwithminor
changes.Thefirstassumptionisthatitworksontherecordedvideo.Toremovethisassumptiona
stepcanbeaddedtocollecttheframesofthereal-timevideofortherequiredseconds.Thesecond
assumptionisthattheclockisanormalclocknotacount-downoneasinthebasketball.Thiscan
beremovedbyreadingthevideoreversely.Thethirdassumptionisthataclockhasfourdigits.This
assumptioncanberemovedbyaddingasteptodetecthowmanydigitsarethereafterclockdigit
extraction.

Thefivethresholds,denotedasβ
1

toβ
5
areusedduringlocalizings-digitplaces.Luckilyitis

easytogivetheirvaluesbecausethesethresholdshavestrongphysicsmeaning.Thefirstthreshold
β
1

relateswiththestabilityofgrayvaluesofbackgroundpixelswithins-digitplace;thesecond
thresholdβ

2
relateswiththeintra-secondstabilityofgrayvaluesofbothforegroundandbackground

pixelswithins-digitplace;thethirdthreshold β
3
relateswiththecontrastbetweentheaverageof

greyvaluesofaforegrounds-digitpixelandtheaverageofgreyvaluesofabackgrounds-digitpixel;
the fourth threshold β

4
 is the distance between two s-digit pixels; the fifth threshold β

5
 is the

minimumnumberofs-digitcandidatestoconfirmitisas-digitplace.Thenotations,definitions,and
theirvaluesofthesefivethresholdsintheproposedalgorithmaregiveninTable5.

Theauthorsareconsideringtheapplicationofthenewmethodtosolveotherrelatedproblems,
suchasdigitaltimestampremoval.Theauthorswillalsoapplyalgorithmstovideosemanticsanalysis
forvideoeventdetection,videoindexing,andvideoretrieval.Theauthorsplantoapplythealgorithm
intothepeople-activityeventdetectionforcitysurveillancesystemsbecauseclocktimerecognition
helpsfindthetimechainofperson-activityfromsurveillancevideosofcitysurveillancesystems.In
addition,theauthorsaredevelopingalibraryofreadingmultipledigitalvideoclocksforpublicuse.

Table 5. Notations, definitions, and their values of the five thresholds used in the proposed algorithm in this paper

Notation Definition Value Where

Itisathresholdonthedifferencesbetweengreyvaluesofbackgrounds-digitpixels
andtheiraveragewithinseconds.Itisbasedonthefactthats-digitpixelisrelatively
constantincolorifitisbackgroundpixelforaperiodoftime.

13 Def1

Itisathresholdonthedifferencesbetweengrey-valuesofs-digitpixelsandtheir
averagewithinasecond.Itisbasedonthefactthats-digitpixelisintra-second
stabilityincolor.

15 Def2

Itisathresholdonthecontrastbetweentheaverageofgreyvaluesofaforeground
s-digitpixelandtheaverageofgreyvaluesofabackgrounds-digitpixel. 27 Def2

Itisathresholdonthedistancesbetweentwos-digitpixelcandidates. 3 Def4

β
5

Itisthelowerboundofthecardinalityofs-digitpixelcandidatesclusterthata
clustercanbeconfirmedtobeans-digitplace. 5 Def5
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