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ABSTRACT

Video-basedpersonre-identification(re-id)hasrecentlyattractedwidespreadattentionsbecauseextra
space-timeinformationandmoreappearancecuesinvideoscanbeusedtoimprovetheperformance
ofimage-basedpersonre-id.Mostexistingapproachesequallytreatpersonvideoimages,ignoring
theirindividualdiscrepancy.However,inrealscenarios,capturedimagesareusuallycontaminated
byvariousnoises,especiallyocclusions, resulting inaseriesofunregulatedsequences.Through
investigatingtheimpactofunregulatedsequencestofeaturerepresentationofvideo-basedperson
re-id,theauthorsfindaremarkablepromotionbyeliminatingnoisysubsequences.Basedonthis
interesting finding, an adaptive unregulated sub sequence detection and refinement method is
proposedtopurifyoriginalvideosequenceandobtainamoreeffectiveanddiscriminativefeature
representationforvideo-basedpersonre-id.Experimentalresultsontwopublicdatasetsdemonstrate
thattheproposedmethodoutperformsthestate-of-the-artwork.
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INTRoDUCTIoN

Personre-identification,whichaimsatidentifyingapersonofinterestamongdifferentcameras,has
becomeincreasinglypopularinthecommunityduetoitscriticalroleinmanysurveillance,security
andmultimediaapplications.Currently,majoreffortstowardsthisproblemfocusonthestill-image-
basedscenario,inwhicheachpersonhasonlyoneimageavailablepercameraview.Manymethods
havebeendevelopedtoeitherextractdiscriminativefeatures(Liaoetal.,2015;Matsukawaetal.,2013;
Sattaetal.,2013;Shenetal.,2013)orlearneffectivedistancemetric(Hirzeretal.,2012;Köstinger
etal.,2012;Liangetal.,2015;Liaoetal.,2015;Yangetal.,2016)forthisproblem.

Inspiteofgreatresearchprogressachievedforthestill-image-basedtask,thereal-worldre-id
performance ishinderedby limited informationextractedfromasingle image.Suchstill-image-
basedpersonre-idignoresthetemporalinformationamongpersonimages,whichleadspoorfeature
representationofperson.Inpracticalsurveillancesystems,personsarealwaysrecordedbyvideos,
whichmeansthattherearemultipleconsecutiveframesavailableforanindividualineachcamera’s
viewfield.Thus,itisintuitivetousesuchsequentialimagestoimprovere-idperformance,which
directlymotivatestheinvestigationofvideo-basedpersonre-id.
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Recently,impressiveresearchprogresshasbeenreportedinvideo-basedpersonre-id.However,
mostapproachesmentionedabovegenerallyassumethatallimagesineachsequenceareofequal
importance,losingsightoftheirdifferencecausedbytheinterferenceofvariousnoises.TakeiLIDS-
VIDdataset(Wangetal.2014)inFigure1asanexample,personimagesarealwaysfloodedwith
variousnoises,suchasobjectocclusionsorbackgroundclutters,resultinginhighlynoisyunregulated
sequences.Inourpreliminarycomparativeexperimentconductedon199-pairunregulatedperson
sequencesofiLID-VIDdataset,averagematchingaccuracyonoriginalunregulatedvideosequences
isonly7%,tenpercentlowerthanthatobtainedonfilteredcleanvideosequences.

Occlusionisaverycommoncaseinvideo-basedapplications,takingdatasetETHZ(Schwartz
etal.2010),iLIDS-VID(Wangetal.2014)andOTB(Wuetal.,2013)asexamples,wecountthe
numberofvideosequencesthathaveheavyocclusionsinthesepublicvideodatasets,asshownin
Table1.FromTable1,wecanseethat:(1)Occlusionisuniversalinrealworldscenarios.(2)Inthe
caseoftheocclusions,`long-termocclusion’(e.g.,thetargetpersonisoccludedbyanotherperson
inthewholesequence,whichmakestherearenocleansubsequencesoftargetperson)accountsfor
onlyafewparts.Inthispaper,wefocusonthe`temporaryocclusion’(e.g.,anotherpersonpassesby
thetargetpersontemporarilyorthetargetpersonisoccludedbysurroundingobjectstemporarily),
whichmeansthatinmostcases,therearestillsomecleansubsequencesevenifpartofthesequence
isoccluded.

Inthisfield,Wangetal.(Wangetal.,2014;Wangetal.,2016)firstnoticedthequalitydiscrepancy
problemofdifferentpersonsequences,andanoptical flow-basedalgorithmwasraised todetect
walkingcyclestodivideavideosequenceintodifferentsubfragments.Then,arankingmodelwas
proposedtoselectandmatchvideofragmentpairs.However,(1)itishardtoobtainareliableoptical
flowestimationwithoutconsideringtheocclusion(Ayvacietal.,2010).Thus,thealgorithmwill
eventuallygeneratenoisysubsequenceswhenocclusionoccurs.(2)Ituniformlyexploitsallvideo

Figure 1. An example illustrating that person images are always highly noisy in practical situations

Table 1. Occlusion condition investigation

Dataset Occlusion Long-Term Occlusion Temporary Occlusion

ETHZ 45.21% 15.15% 84.85%

OTB 58.05% 10.03% 89.97%

iLIDS-VID 66.33% 10.05% 89.95%
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subsequencestoidentifypersons,whileignoringtheirqualitydiscrepancycausedbyobjectmotions
andocclusions,whicheventuallyincurssignificantperformancedegradation.

To investigate the impactofunregulated sequences to feature representationofvideo-based
personre-id,wefurtherconductapreliminarycomparativeexperiment.Tenvideosequencepairsof
tendifferentpersonsfromtwocameraviewsarerandomlyselectedfrom199personsequencepairs
thathaveheavyocclusionsintheiLIDS-VIDdataset,asshowninFigure2(a).Inthiscondition,we
observethatintradistance(thedistanceofapairofvideosequencesofsamepersoncapturedbytwo
cameras)isgreaterthaninterdistance(theminimumdistancebetweenavideosequenceinprobeand
videosequencesofotherpersonsingallery)asshowninFigure2(c).Thisvalidatesnegativeimpacts
ofdirectlyapplyingunregulatedsequencestovideo-basedpersonre-id.Furthermore,forcomparison,
wemanuallyeliminatesubsequenceswithheavyocclusionsfromthesetenvideosequencesand
preservecleansubsequences,asshowninFigure2(b),resultinginanearlyperfectresult,where
interdistanceislargerthanintradistance,asshowninFigure2(d).Thisinterestingfindingreveals
thateliminatingoccludedsubsequences isaneffectiveapproach to improve theperformanceof
video-basedpersonre-id.

Motivatedbytheabovefindings,weproposeanovelvideo-basedpersonre-idmethodbypurifying
theunregulatedpersonimagesequence.Inourwork,twokeyissuesneedtobeaddressed.(1)The
localconsistencyofvideosequencesshouldbewellutilizedtodecomposeavideosequenceintoa
seriesofsubsequences.(2)Theimpactofnoisysubsequencesonfeaturerepresentationforeach
videosequenceshouldbewellhandled.

Forthefirstissue,inordertomeasurethestateofeachframewithinvideosequences,wedefine
aSequenceStabilityMeasure(SSM),reflectingthestatechangeofavideosequence.Then,thelocal
maximumofSSMsignals,namedstationarypoint,correspondstoalocalstablestateofaperson.
Thus,framesaroundastationarypointmayhaveunifiedstate,whichareregardedasasubsequence.
Forthesecondissue,motivatedbytheeffectivenessofsparserepresentationinhandlingocclusions

Figure 2. A preliminary comparative experiment illustrates the negative impact of unregulated sequences. Video sequences 
containing: (a) Heavy occlusion sub sequences; and (b) Little occlusions sub sequences in iLIDS-VID dataset. Same rows in both 
(a) and (b) corresponds to the same person. (c) The intra distance (blue bar) and inter distance (red bur) of 10 noisy video sub 
sequences in (a). Their intra distances are greater than inter distances on all 10 video sub-sequences with heavy occlusion. (d) 
After eliminating the sub sequences with heavy occlusions, the inter distance is greater than intra distance.
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(Luetal.,2012;Wrightetal.,2009),itisreasonabletoassumethatifasubsequenceisheavily
occluded,itishardtorepresenttheimageswithinthissubsequencebyothersubsequencesinthe
videosequence,whichcauseslargerreconstructionerror.Onthisbasis,weproposeanunregulated
subsequencesdetectionmethodbasedonsparserepresentationtodetectoccludedsubsequencesin
videosequences.Atlast,weeliminatesubsequenceswithheavyocclusionsanduseremainingsub
sequencestoobtainamorediscriminativefeaturerepresentationofperson.

Tosummarize,thecontributionsofthispaperareasfollowings:

• Wefindaninterestingphenomenonwhereremarkableperformancecanbeachievedbyeliminating
noisysubsequencesfromtheircleancounterpartsinthefeaturerepresentationofpersonobject;

• Weproposeanadaptivesubsequencesselectionmethodbasedonsparserepresentationtoobtain
amoreeffectiveanddiscriminativefeaturerepresentationofpersons;

• Experimentalresultsontwopublicdatasetsdemonstratethattheproposedmethodoutperforms
thestate-of-the-artwork.

ReLATeD WoRK

Space-Time Features
Space-timefeaturerepresentationshavebeenextensivelyexploredinaction/activityrecognition(Poppe
etal.,2010;Wangetal.,2009).Inactionrecognition,animagesequenceisviewedasa3-dimspace-
timevolume.Onecommonrepresentationisconstructedbasedonspace-timeinterestpoints(Laptev
etal.,2003;Willemsetal.,2008;Bregonzioetal.,2009).Theseapproachesfacilitateacompact
descriptionofimagesequencesusingthesparseinterestpoints,whicharesensitivetovariationssuch
asviewpoint,speed,scaleandmaylosediscriminativeinformation(Keetal.2010,Gilbertetal.
2009).Arecenttrendistoincorporatetemporalcuesinthemodel,space-timevolume/patchbased
representationscanbericherandmorerobust.PopulardescriptorsincludeHOG3D(Klaseretal.,
2008),3D-SIFT(Scovanneretal.,2007),HoGHoF(Laptevetal.,2008),etc.whichcanbeviewed
asextensionsoftheircorresponding2-dimversions.In2015,Liuetal.(Liuetal.,2015)proposeda
spatio-temporalbody-actionmodel,inwhichfishervectorswerelearnedfromindividualbody-action
unitsandconcatenatedintothefinalrepresentationofthewalkingperson.

Multi-Shot Person Re-Identification
Multipleimagesfromasequenceofthesamepersonhavebeenexploitedforpersonre-identification.
In(Hirzeretal.,2012),multipleshotsareusedtotrainadiscriminativeboostingmodelbasedona
setofcovariancefeatures.In(Hamdounetal.,2008),theSURFlocalfeatureisusedtodetectand
describeinterestpointswithinshortvideosequencesthatareinturnindexedintheKD-treetospeed
upmatching.In(Gheissarietal.,2006),aspatial-temporalgraphisgeneratedtoidentifyspatial-
temporalstableregionsforforegroundsegmentation.Thelocaldescriptionsarethencalculatedusing
aclusteringmethodovertimetoimprovematchingperformance.Truongetal.(Truongetal.,2009)
employthemanifoldgeometricstructuresfromvideosequencestoconstructmorecompactspatial
descriptorswithcolor-basedfeatures.Karanametal.(Karanametal.2015)makeuseofmulti-shots
forapersonandproposethattheprobefeaturebepresentedasalinearcombinationofthesame
personinthegallery.Karamanetal.(Karanametal.,2012)proposeusingtheconditionalrandom
field(CRF)toincorporateconstraintsinthespatialandtemporaldomains.

However,allthesemethodsmentionedabovearebasedonakeyassumptionthatallimagesof
personvideosequenceareequallytreated,losingsightofnegativeinfluencesofnoises.However,
in real scenarios,capturedperson imagesareusuallycontaminatedbyvariousnoises,especially
occlusions,resultinginaseriesofunregulatedsequences.Inthisstudy,weinvestigatetheimpact
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of unregulated sequences on feature representation of video-based person re-id and show that a
remarkablepromotioncanbeobtainedbyeliminatingnoisysubsequences.

Proposed Approaches
The Figure 3 illustrates the framework of the proposed sequence segmentation and elimination
framework.Theframeworkconsistsoftwoparts,thevideosequencesegmentationandtheunregulated
subsequenceselimination.Inthevideosequencesegmentationpart,avideosequenceisdivided
intoaseriesofsubsequencesbydetectingstationarypoints(reddotsintheFigure3,eachofwhich
correspondstoalocalstablestateofaperson)ofSSMsignals.Intheunregulatedsubsequences
elimination part, we use the sparse representation based method to eliminate the occluded sub
sequences,thelagerthereconstructionerroris,themorelikelythissubsequencewillbeoccluded,
e.g.,weeliminatethesubsequences2,whichhaslargerconstructionerror.Finally,subsequences
withoutocclusionsareusedtoconstructtheappearancemodelofaperson.

Video Sequence Segmentation
Givenanunregulatedvideosequencewithheavynoises,asshowninFigure1,itistoonoisytoextract
discriminativefeaturesfromentirevideosequence.In(Wangetal.,2014;Wangetal.,2016),Wang
etal.trytofindalignedsubsequencepairsbydetectingmotioninformation,however,itishardto
obtainareliableopticalflowestimationwithoutconsideringtheocclusions.DifferentfromWang’s
work,weattempttodivideavideosequenceintoaseriesoffragmentsbyusingocclusioninformation
betweenconsecutiveframes,whichcanbetterreflectthestatechangebetweenconsecutiveframes
incomplexscenarioscomparedwithopticalflow.

Occlusiondetectionplaysanimportantroleinprimingvisualrecognitionofdetachedobjects,
andrecentlyitisoftenusedtogetherwithopticalflow.In(Ayvacietal.,2010),Ayvacietal.formulated
occlusiondetectionandopticalflowestimationbetweentwoimagesasajointoptimizationproblem.
Under assumptions of Lambertian reflection and static illumination, the task can be posed as a
variational optimization problem, and its solution approximated using convex minimization. By
assemblingafunctionthatpenalizesthe(unknown)opticalflowresidualinthe(unknown)co-visible
regions,aswellastheareaoftheoccludedregion,theresultingoptimizationproblemcanbesolved
jointlywithrespecttotheunknownopticalflowfieldandtheindicatorfunctionoftheoccluded

Figure 3. The framework of the proposed sequence segmentation and elimination method
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region.Weusetheocclusioninformationo
i
in(Ayvacietal.,2010)betweenconsecutiveframesto

measurethestatechangewithineachvideosequence.
In fact, theocclusion information o

i
 reflects the inter-frameocclusion,which indicates the

occlusionconditionofcurrentframewithrespecttoitspreviousframe,asshowninFigure4.Thus,
fromacertainpointofview,o

i
expressessomekindofstatechangebetweentwoframes.Forexample,

theFigure4(b)showsthestatechangebetweenconsecutiveframesofthesubsequenceinFigure
4(a).Onthisbasis,ameasureofstabilityφ

i
isdefined,whichindicatesthestatedifferencebetween

eachframeanditspreviousframe.GivenavideosequenceM I I I
N

= ( , , , )
1 2
� ,weuseI

i
todenote

the ith frameforsimplicity,leto
i
denotetheocclusioninformationbetweenframe I

i
and I

i−1 as
mentionedin(Ayvacietal.,2010),then,thestabilityofeachframeisdefinedasfollows:

φ
i

i
o

c
i N=

−
=exp( ), , , ,

2

2 3�  (1)

wherec isaconstantfactor.Then,theSequenceStabilityMeasure(SSM) ε ofM isdefinedas
ε φ φ= ( , , )

2
�

N
,whichisfurthersmoothedbyaGaussianfilter.

Itcanbeobservedthatthelocalmaximum{ }t oftheSSMsignalε correspondstoacharacteristic
stateoftheperson,whichmeansthatthesurroundingframesofalocalmaximumhaveconsistent
state(i.e.,thesurroundingframesareallnoisyorallclean).Andwenamethosemaximalandmarks
of ε stationarypoints(reddotsinFigure4(c)).Finally,thevideosequenceM issplitintoasetof
sub sequences S s i m

i
= ={ }, , ,1�  by detecting stationary point { }t  of ε  and extracting the

surroundingframess I I I
t t L t t L
= − +( , , , , )� � ofeachstationarypointasasubsequence.Thetemporal

rangeL isadaptivelydeterminedbytherangebetweenthelocalmaximumandlocalminimum.

Figure 4. The framework of the proposed sequence segmentation and elimination method
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Adaptive Sub Sequences Selection
Asmentionedbefore,bydetectingthestationarypointof ε ,avideosequenceisdecomposedinto
aseriesofsubsequencesS s i m

i
= ={ }, , ,1� .Then,thenextstepistodistinguishthesubsequences

with heavy noises from those which are relatively clean. Motivated by the widely successful
applicationsofsparserepresentationinmanytasksanditseffectivenessinhandlingocclusions(Lu
etal.2012,Wrightetal.2009),inthispaper,thesparserepresentationisexploitedtomeasurethe
noisedegreeofvideosubsequences.

As mentioned in Table 1, ‘temporary occlusion’ occupies the majority in video sequences,
whichmeansthatinmostcases,therearestillsomecleansubsequencesinvideosequences.So,it
isreasonableforustoassumethatthecleansubsequencesoccupythemajorityofthewholevideo
sequence.Underthecircumstances,wecanusethereconstructionerrorofeachframewithinthe
subsequencetoevaluatetheocclusiondegreeofeachsubsequence.Inordertogetamorereliable
evaluationofocclusiondegree,weexcludetheframesofthesamesubsequencewhenweevaluate
eachframe.Thisisbecauseifaframeisoccluded,itssurroundingframesinthesamesubsequence
wouldbeprobablyoccluded,sotheseframescan’tbeusedtoevaluatetheocclusionconditionof
currentframe.

Givenasubsequences I I I
i N
= ( , , , )

1 2
� ,wesampleK localimagepatchesinsideeachimage

I of s
i
withaspatiallayout.Aftersamplinglocalpatches,theyareusedtoformcorresponding

dictionariesforencodinglocalpatches.Inordertogetamorereliableevaluationofocclusiondegree,
weexcludetheframesofthesamesubsequencewhenweevaluateeachframe.Specifically,forthe
kth patchofI ,thecorrespondingdictionaryD sk

j
k= { } canbeobtained,where j m j i= ≠1, , ,� 

ands
j
k denotesthekth patchofimagesins

j
.

ForanypatchP ofimage I ,thesparsity-basedrepresentationmodelisdenotedas:

min
β

β λ βP D− +
2

2

1
 (2)

where β representsthesparsecoefficientvectorofP andcanbecomputedbytheoptimization
function of the sparsity-based representation model and λ  is regularization factor. Then the

reconstructionerrorofP isdefinedas: P D− β
2

2
.Thus,forasubsequences

i
,thereconstruction

errore
i
ofs

i
canbedefinedas:

e
K

Z D X
i

k k k

k

K

= −
=
∑1

2

2

1

 (3)

Here,Z Rk d t∈ × ,eachcolumnofZk denotesthekth patchofimagesinsubsequences
i
,t is

thenumberofimagesin s
i
.Xk isthesparsecoefficientmatrixandDk isthedictionaryof kth 

patchins
i
,whichisobtainedasdescribedbefore.

Basedon thereconstructionerror, thenoisedegreeofsubsequence s
i
,which indicates the

usabilityofs
i
,isdefinedas:
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σ
i

i

i
i

m

e

e

=

=
∑

exp( )

exp( )

2

2

1

 (4)

• Elimination:Fromtheaboveequation,itcanbeobservedthatthenoisedegree σ
i
becomes

largerwhenthereconstructionerrore
i
ofs

i
isgettinglarger.Thus,thelargerσ

i
is,themore

likely s
i
possessesnoises,suchasocclusionsorbackgroundclusters,whichindicatesthatthe

usabilityofthissubsequenceisrelativelylow,asshowninFigure4.Then,basedon σ
i
Q 

definedbefore,weeliminatethesubsequencesfromS ,whose σ valuesaregreaterthanthe
thresholdθ ;

• Adaptive weighting:Aftereliminatingthesubsequencesthatareheavilynoisy,asubsequences
poolQ s s

N
= { , , }

1
� isobtained,inwhichsubsequencesarerelativelyclean.Toobtainmore

abundantandrobustfeatureforrepresentingaperson,allsubsequencesinareusedtoconstruct
theappearancemodelforperson.Let f

i
denotethefeaturerepresentationofsubsequence s

i
,

thenthefeaturerepresentationofQ isdefinedas:

F f f
Q N
= { , , }

1
�  (5)

Finally,thefeaturerepresentationofvideoM isdefinedas:

F f
M i i

i

N

=
=
∑ω
1

 (6)

whereω
i
denotestheweightofs

i
,whichisdefinedas:

ω
σ

ωi
i=

+ −1 exp( )
*

 (7)

whereω* isanormalizationfactor.

DISCUSSIoN

Inourframework,bothtwokeycomponents:thevideosequencesegmentationandtheunregulated
subsequenceseliminationarebasedonanimportantassumptionthatinmostcases,thereisstill
somecleansubsequencesinthewholesequencesevenifthesequenceisnoisy.Itwilldegradethe
performanceofourmethodonbothtwocomponentsifthetargetpersonisoccludedinthewhole
sequence.Inthevideosequencesegmentationstage,itwillmakethesegmentationofvideosequence
uselesswhenthewholesequenceisnoisy.Becausethemostimportantpurposeofthevideosequence
segmentationistosplitavideosequenceintoaseriesofsubsequencessothatnoisyimagesare
separatedfromcleanimages.Intheunregulatedsubsequenceselimination,whenthewholesequence
isnoisy,thesparse-basedmethodcouldn’teffectivelyevaluatethenoisydegreeofeachsubsequence.



International Journal of Digital Crime and Forensics
Volume 12 • Issue 2 • April-June 2020

67

Thus,inordertoinvestigatetherationalityofthishypothesis,weinvestigateseveralpublicvideo
datasets,suchasETHZ(Schwartzetal.2010),iLIDS-VID(Wangetal.2014)andOTB(Wuetal.
2013),asshowninTable1.AsweobservedinTable1,inrealworldscenarios,̀ long-termocclusion’
accountsforonlyafewparts,whichmakesourmethodveryeffectiveingeneral.

Besides,theexperimentalresultsfurtherdemonstratetheeffectivenessofourmethod.Specifically,
inFigure7,weconductanexperimenton199occludedvideosequencepairsiniLIDS-VIDdataset,
whichdemonstratestheeffectivenessofourmethod.

eXPeRIMeNTS

Datasets and Settings
Ourexperimentsareconductedontwopubliclyavailablevideodatasetsforvideo-basedpersonre-id:
thePRID2011dataset(Hirzeretal.2011)andtheiLIDS-VIDdataset(Wangetal.2014).

PRID 2011 Dataset
ThePRID2011datasetconsistsofvideopairsrecordedfromtwodifferentcameras.385persons
arerecordedincameraviewA,and749personsincameraviewB.Amongallpersons,200persons
arerecordedinbothcameraviews.Eachvideosequencecontains5to675imageframes,withan
averagenumberof84.Following(Wangetal.2014),inourexperiments,sequenceswithmorethan
21framesfrom178personsareused.So,theprobeandgallerybothhave89identities.Thedataset
hastwoadjacentcameraviewscapturedinuncrowdedoutdoorsceneswithrareocclusionsandclean
background.

iLIDS-VID Dataset
TheiLIDS-VIDdatasetincludes600videosequencesfor300randomlysampledpeoplebasedon
twonon-overlappingcameraviews.Thelengthofimagesequencesvariesfrom23to192,withan
averagenumberof73.ComparedwiththePRID2011dataset,thisdatasetismorechallengingdue
toenvironmentvariationsespeciallycomplicatedbackground,occlusions,clothingsimilaritiesand
viewpointvariationsacrosscameraviews,asshowninFigure5.

Settings
Inourexperiments,alldatasetsarerandomlysplitintotwosubsets,halffortrainingandhalffor
testing.Inthetestingstage,thevideosequencesfromthefirstcameraareusedastheprobeset,and
theonesfromtheothercameraasthegalleryset.ThenumberK oflocalimagepatchesinsideeach
imageissetto6andthethreshold θ  issettothemeanvalueofreconstructionerrorsofallsub

Figure 5. The example sequences of the two publicly available video datasets
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sequences.Weusethecumulativematchingcharacteristic(CMC)curve(Wangetal.2007)tomeasure
theperformanceonbothdatasets,andweusetheaverageCMCcurvesof10trailstoobtainamore
reliableresult.

THe eFFeCTIVeNeSS oF oUR MeTHoD

Inthissection,toevaluatetheeffectivenessofourmethod,weintegrateourmethodwithsomebasic
featurerepresentationswhicharewidelyusedinvideo-basedpersonre-identification(Wangetal.,
2014)tomakeacomparisonwiththeoriginalbasicdescriptors.Wecombineeachofthemwithtwo
differentdistancemetriclearningmethodXQDA(Liaoetal.,2015)andTDL(Youetal.,2016)to
makeamorecomprehensivecomparison.

HoG3D
The3DHOGfeaturesfromvolumesofvideodataisextractedinawaysimilarto(Wangetal.,2014).
Morespecifically,foreachlocalmaximum/minimumoftheFEPsignalE,10framesimmediately
beforeandafterthecentralframearetakenasafragment,dividedinto2 5 2× ×( ) ( )spatial temporal 
cellswith50%overlap.Aspatial-temporalgradienthistogramiscomputedineachcellandthen
concatenatedtoformtheHOG3Ddescriptor(Klaseretal.,2008).Intheend,eachpersonvideois
describedbytheaveragepoolingofallvideofragments.

Color
Theappearancefeatureonimageleveliswidelyusedtoexpresspersonvideo.Specifically,atthe
imagelevel,eachframeofthepersonvideoisdividedinto49patcheswithsize16x32with50%
overlapbothinthehorizontalandverticaldirections.Foreachpatch,histogramsofcolorchannels
inHSVandLABcolorspacesarecomputed.Weconcatenateallthepatchdescriptorstoformthe
appearancefeatureonimagelevel,andtheaveragepoolingofimageleveldescriptoroverallimage
framesofthevideosequenceistaken.Finally,wedescribetheappearancefeatureonimagelevelof
eachvideowitha3332-dimensionalfeaturevector.

Figure 6. The CMC curves of average matching rates with different feature representations combined with metric learning XQDA 
and TDL on the PRID 2011 and iLIDS-VID datasets
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HoG3D + Color Histograms
ThecombinationofHOG3Dandcolorappearancefeature,alltheimagesofeachsequenceareused
equally.Specifically,foreachvideosequence,weexploitedthecombinationofHOG3D(space-time
feature)andtheaveragepoolingofcolorhistograms(appearancefeature).Then,eachvideosequence
wasrepresentedbya5892-dimensionalfeaturevector.

Aswementionedearlier,wesplitthewholevideosequenceintoaseriesofsubsequencesbased
onSSMsignalsanduseasparserepresentation-basedselectionmethodtoeliminatethesubsequences
withheavyocclusions.So,weeliminatesubsequenceswithheavyocclusionsandusetheremaining
subsequencestomakeafeaturerepresentationofperson.Thatistosay,eachremainsubsequenceis
describedwiththebasicfeaturerepresentationsmentionedaboverespectively.Finally,eachperson
videoisrepresentedwithafeaturevectorbyusingweightedsummationofremainingsubsequences
asdescribedinEquation(6).

Withallparametersbeingthesameineachrepresentation,Figure6showstheCMCcurveson
bothdatasetsofthecomparedfeatures,andTable2andTable3showthedetailedRank-1,Rank-5,
Rank-10,andRank-20matchingratesofallthecomparedfeatures.Wecanobservethatourmethod
achievesbettermatchingratesineachrankcomparedtothecompetingbasicdescriptor.UsingXQDA
methodasanexample,intheiLIDS-VIDdataset,theRank-1matchingrateofHOG3Disimproved
by6.9%,forColor,theRank-1matchingrateisimprovedby7%,andforHOG3D+Color,theRank-1
matchingrateisimprovedby14.1%.Theexperimentalresultsdemonstratetheeffectivenessofour
method.Comparedwiththecompetingfeaturerepresentations,themainadvantageofourmethodis
thatourmethodeliminatessubsequenceswithheavyocclusionsinvideosequences,whichmakes

Table 2. Comparison with different feature representations with metric learning XQDA and TDL on PRID 2011 dataset. For each 
combination, we compare the original approach with our approach. Results are shown as matching rates (%) at Rank = 1, 5, 10, 
20. The improvement result of each rank is in boldface font.

Methods
PRID 2011

Rank-1 Rank-5 Rank-10 Rank-20

HOG3D+XQDA 44.9 69.9 80.1 88.4

HOG3D+XQDA(OURS) 51.5(↑ 6 6. ) 75.2(↑ 5 3. ) 85.8(↑ 5 7. ) 93.6(↑ 5 2. )

Color+XQDA 53.7 76.0 86.3 93.0

Color+XQDA(OURS) 59.0(↑ 5 3. ) 80.8(↑ 4 8. ) 90.9(↑ 4 6. ) 98.5(↑ 5 5. )

HOG3D+Color+XQDA 60.4 82.4 89.9 94.9

HOG3D+Color+XQDA(OURS) 67.5(↑ 7 1. ) 85.3(↑ 2 9. ) 90.7(↑ 0 8. ) 97.1(↑ 2 2. )

HOG3D+TDL 47.3 73.5 84.7 92.5

HOG3D+TDL(OURS) 50.7(↑ 3 4. ) 74.0(↑ 0 5. ) 84.9(↑ 0 2. ) 92.8(↑ 0 3. )

Color+TDL 54.8 76.7 84.6 92.4

Color+TDL(OURS) 61.6(↑ 5 8. ) 81.2(↑ 4 5. ) 89.8(↑ 5 2. ) 95.9(↑ 3 5. )

HOG3D+Color+TDL 62.8 85.7 93.4 97.9

HOG3D+Color+TDL(OURS) 69.1(↑ 6 3. ) 90.0(↑ 4 3. ) 97.3(↑ 3 9. ) 100.0(↑ 2 1. )
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amorerobustfeaturerepresentationofpersonandgeneratesabetterranklist.Actually,wefindthat
ourmethodimprovestheperformancealotcomparedtotheoriginalfeaturerepresentationnomatter
whichbasicdescriptorweuse.

iLIDS-VID vs. PRID 2011
FromTable2andTable3,wecanseeourmethodachieveslargeperformanceimprovementonboth
datasets.Andaninterestingbutindeedfactcanbeobservedthatourmethodoutperformedothers
muchbetterontheiLIDS-VIDdataset,theRank-1matchingrateontheiLIDS-VIDdatasetisimproved
by19.1%(59.3%-40.2%)(WhenweuseHOG3D+Colorasthebasicfeaturerepresentationanduse
TDLasthemetricmethod).ComparedwiththePRID2011dataset,thisdatasetismorechallenging
duetoenvironmentvariationsespeciallycomplicatedbackgroundandheavyocclusions,asshownin
Figure1.Aswementionedbefore,ithelpsalottoimprovethere-idperformancebyasubsequences
selectionapproach,whichmakesourmethodmoreeffectiveonsuchmorechallengingcircumstance
liketheiLIDS-VIDdatasetandachieveagreatperformanceimprovement.

Integration With Deep Feature
Tomakeamorecomprehensiveevaluation,weintegrateourmethodwithdeepfeature,whichwe
usepre-trainedResNet-50asanimplicitfeatureextractor.Toprovetheindependenceofourmethod
andspecificmetrics,weintegrateourmethodwithmetricXQDAandTDLwhicharewidelyusedin
video-basedpersonre-identification.Table4andTable5showthedetailedRank-1,Rank-5,Rank-
10,andRank-20matchingrateswithfeatureIDE.Wecanobservethatourmethodachievesbetter

Table 3. Comparison with different feature representations with metric learning XQDA and TDL on iLIDS-VID dataset. For each 
combination, we compare the original approach with our approach. Results are shown as matching rates (%) at Rank = 1, 5, 10, 
20. The improvement result of each rank is in boldface font.

Methods
iLIDS-VID

Rank-1 Rank-5 Rank-10 Rank-20

HOG3D+XQDA 33.8 58.1 71.1 83.4

HOG3D+XQDA(OURS) 40.7(↑ 6 9. ) 62.8(↑ 4 7. ) 76.7(↑ 5 6. ) 88.9(↑ 5 5. )

Color+XQDA 38.5 64.0 74.1 82.9

Color+XQDA(OURS) 45.5(↑ 7 0. ) 70.3(↑ 6 3. ) 81.7(↑ 7 6. ) 88.9(↑ 6 0. )

HOG3D+Color+XQDA 41.3 66.7 77.1 87.0

HOG3D+Color+XQDA(OURS) 55.4(↑ 14 1. ) 78.1(↑ 11 4. ) 86.0(↑ 8 9. ) 91.9(↑ 4 9. )

HOG3D+TDL 39.3 66.9 78.7 88.7

HOG3D+TDL(OURS) 45.3(↑ 6 0. ) 73.3(↑ 6 4. ) 82.7(↑ 4 0. ) 91.3(↑ 2 6. )

Color+TDL 44.4 70.3 79.4 87.2

Color+TDL(OURS) 54.0(↑ 9 6. ) 77.3(↑ 7 0. ) 84.0(↑ 4 6. ) 92.7(↑ 5 6. )

HOG3D+Color+TDL 40.2 72.1 82.9 91.3

HOG3D+Color+TDL(OURS) 59.3(↑ 19 1. ) 83.3(↑ 11 2. ) 90.7(↑ 7 8. ) 96.0(↑ 4 7. )
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matchingratesineachrankcomparedtothecompetingbasicapproaches.UsingXQDAmethodas
anexample,intheiLIDS-VIDdataset,theRank-1matchingrateisimprovedby4.9%.

From theTable4andTable5,wecansee thatourmethodstilloutperforms thecompeting
approacheswhenusedeepmodelasfeatureextractor.Thisfurtherdemonstratestheeffectiveness
ofourmethod.Furthermore,usepre-traineddeepmodelasfeatureextractor,ourmethodhaslower
algorithmcomplexitythanothermorecomplexCNN-basedapproaches.

Further evaluation
Tofurtherevaluate theeffectivenessofourmethodforunregulatedsequences,weselectall199
videopairsof199differentpersonscapturedbytwocamerasiniLIDS-VIDdatasetwhichhaveheavy
occlusionstomakeamorecomprehensiveexperiment.Wecomparetheperformanceofourmethod
thateliminatestheoccludedsubsequenceswiththeapproachwhereallsubsequencesareequally
used.Thesamefeaturerepresentationforeachsubsequenceisusedforcomparisonasmentioned
above(HOG3D+Color(pooling)),andtheEuclideandistanceisusedtocalculatethedistancebetween
probeandgallerysequences.TheCMCcurvesonthe199sequencesofiLIDS-VIDdatasetareshown
inFigure7.Itcanbeobservedthatwithourmethod,allrankmatchingrateson199occludedvideo
sequencesaregreatlyimproved,whichimpliesthatitisnecessaryandeffectiveforimprovingthe
re-idperformancetoeliminatesubsequenceswithheavyocclusionsinvideosequences.Andalso,
itrevealsafactthattraditionalmodelsinwhichalltheimagesofeachsequencearetreatedequally
mayresultinasignificantlossofperformancewhenocclusionoccursinvideosequences.

CoMPARISoN WITH THe STATe-oF-THe-ART

Inthissection,wereportthecomparisonofourmethodwithseveralstate-of-the-artvideo-based
personre-idapproaches,includingDiscriminativeVideoFragmentsSelectionandRanking(DVR)
(Wangetal.,2014)andDVSR(Wangetal.,2016),DVDL(Karanametal.,2015),Spatial-Temporal
FisherVectorRepresentation(STFV3D+KISSME)(Liuetal.,2015)andtheDeepFeatureGuided

Table 4. Comparison with feature extracted from pre-trained Resnet-50 (He et al. 2016) with metric learning XQDA and TDL on 
PRID 2011 dataset. For each combination, we compare the original approach with our approach.

Method Rank-1 Rank-5 Rank-10 Rank-20

Resnet-50+XQDA 78.8 94.4 96.0 97.9

Resnet-50+XQDA(OURS) 81.2 95.6 96.6 98.1

Resnet-50+TDL 79.1 94.7 97.3 98.7

Resnet-50+TDL(OURS) 82.3 96.1 97.9 99.3

Table 5. Comparison with feature extracted from pre-trained Resnet-50 (He et al., 2016) with metric learning XQDA and TDL on 
iLIDS-VID dataset. For each combination, we compare the original approach with our approach. “IDE” represents the feature 
extracted from pre-trained Resnet-50 (He et al. 2016).

Method Rank-1 Rank-5 Rank-10 Rank-20

Resnet-50+XQDA 52.2 73.0 80.7 87.9

Resnet-50+XQDA(OURS) 57.1 77.4 83.1 90.4

Resnet-50+TDL 61.8 84.7 90.6 92.5

Resnet-50+TDL(OURS) 65.1 88.6 93.5 96.6
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Pooling(DFGP)(Lietal.,2017).DVRisamethodbasedonrankingmodel,whichtriestoselect
alignedvideofragmentpairsfromcandidatespool.DVDLisadictionarylearningmethodbasedon
multi-shotre-iddatasets.STFV3Disaspatial-temporalappearancemodelwhichexploitstemporal
informationontheactionlevel.WealsocompareourmethodwithSRID(Karanametal.,2015),
whichformulatesthere-identificationproblemasablocksparserecoveryproblem.Toachievethe
betterperformance,wecombineourmethodwiththedistancemetriclearningmethodTDL(You
etal.,2016).

TheperformanceofeachmethodonbothdatasetsisshowninTable6.Theresultsdemonstrate
thatwithourmethod,thematchingrateperformanceisimprovedalotonbothdatasets,especially
on the iLIDS-VIDdataset.For instance,ourmethodimproves theRank-1matchingrateby15%
(59.3%-44.3%)comparedtothesecondbestmethodSTFV3D+KISSMEontheiLIDS-VIDdataset
(Tomakeafaircomparison,thisresultiscomputedaccordingtothecomparisonwithapproacheswith
handcraftfeature).ThereasonwhyourmodeloutperformstheothersmuchbetterontheiLIDS-VID
ismainlybecausethatmostofvideosequencesintheiLIDS-VIDdatasetareunregulated(66.33%).
Andthiscausesasignificantlossofperformanceinthetraditionalmodelsinwhichallsubsequences
areusedequallywhenocclusionoccursinvideosequences.Anotherfactthatneedtobenoticedthat
ourmethodachievesmuchbetterperformanceonbothdatasetscomparedwith(Wangetal.,2016).
Aswementionedearlier,in(Wangetal.2016),Wangetal.triedtoselectandmatchalignedvideo
fragmentpairsfromcandidatespoolwithouteliminatingthehighlynoisyvideofragments,resulting
inasignificantperformancedegradation.Onthecontrary,inthispaper,weeffectivelyaddressthis
problemwithanadaptivesubsequencesselectionmethod,whichhandlestheocclusionsinvideo
sequencesverywellandachievesaveryconsiderableperformanceimprovement.

CoNCLUSIoN

In thispaper,weproposeaneffectivemethod forvideo-basedperson re-identification.Through
defining a sequence stabilitymeasure (SSM),we split eachvideo sequence into a series of sub
sequences, in which images in the same sub sequence have unified state. Besides, we propose

Figure 7. The CMC curves on the 199 sequence pairs with heavy occlusions from the iLIDS-VID dataset. Euclidean distance is 
used to calculate the distance between probe and gallery.
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a sparse-based sub sequences elimination method to obtain a more effective and discriminative
featurerepresentationofpersons.Extensiveexperimentsillustratethathugebenefitsareobtained
byeliminatingtheoccludedsubsequencesinvideosequencesanddemonstratetheeffectivenessof
ourproposedapproach.

In the future, thereareseveralways toextend thiswork.First,amoreeffectivewaycanbe
adoptedtoconstructthefeaturerepresentationofpersons.Sinceeachpersonhasmultipleconsecutive
frames,itisstillafeasibletopictofinddiscriminativeinformationwithinvideoframes.Moreover,
anunsupervisedmetriclearningmethodcanbecombinedwithourmethod,whichcandealwiththe
real-lifedatasetsmoreeffectively.
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Table 6. Comparison with the state-of-the-art methods on PRID 2011 and iLIDS-VID datasets. Results are shown as matching 
rates (%) at Rank = 1, 5, 10, 20. Best results are in boldface font.

Method
PRID 2011 iLIDS-VID

Rank-1 Rank-5 Rank-
10

Rank-20 Rank-1 Rank-5 Rank-
10

Rank-
20

DVR 28.9 55.3 65.5 82.8 23.3 42.4 55.3 68.4

DVDL 40.6 69.7 77.8 85.6 25.9 48.2 57.3 68.9

SIFV3D 64.1 87.3 89.9 92.0 44.3 71.7 83.7 91.7

SRID 35.1 59.4 69.8 79.7 24.9 44.5 55.6 66.2

DVSR 48.3 74.9 87.3 94.4 41.3 63.5 72.7 83.1

DFGP 51.6 83.1 91 95.5 34.5 63.3 74.5 84.4

OURS 69.1 90.9 97.3 100.0 59.3 83.3 90.7 96.0
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