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ABSTRACT

Withtheincreasingnumberofcameranetworksdeployedinpublicplaces,intelligentvideoprocessing
hasbecomeakeytechnologyforvideosurveillance.Inordertoalleviatetheworkloadofthetracers
intheartificialtrackingvideo,personre-identification(re-id)canmatchalargenumberofpedestrian
imagestoobtainthelocationofsamepersonatdifferenttimeinsurveillance.Thisarticlefocuseson
thecomparisonofdifferentclassicdistancemetriclearningmethodssoastoselectoptimumperson
re-identificationschemewithexcellentperformance.Theauthorscomparefouralgorithmsmatching
LocalMaximalOccurrence(LOMO)featurerepresentationonthreecommondatabasesandobtainsa
criteriontochoosealgorithmsfordifferentdatasets.Theselectionofre-identificationalgorithmscan
simplifythevideoinvestigationprocessaccordingtothesizeandnumberofpersonimages.Inthe
end,theyproposeanimprovedmetriclearningbasedononeofalgorithmsandgetimprovedresults.
There-idisusefulandefficientinworkssuchasthecriminalinvestigatorsetc.
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1. INTRoDUCTIoN

In recent years, with the rapid development of image acquisition and large-scale data storage
technologies, large scale camera-nets have produced rich video surveillance information. Video
analysis technology can realize the recognition and tracking of designated pedestrians in video,
whichgreatlyreleasesthepressureofmanualviewing,andimprovestheeffectivenessofmonitoring
system.Personre-identificationistoidentitythetargetpersonsinthevideosequencesfromthenon-
overlappingcameraview.Re-identification(re-id)triestosolvetheproblemof“wherethetarget
personwaspresentedinthepast”or“wherethetargetpersonwascapturedinthesurveillanceinthe
future”.Althoughinacontrollableenvironment,itisarelativelymaturetechnologytorecognize
personsbasedonhumanfacesandotherbiologicalfeatures.However,becausetheenvironmentof
monitoringvideoiscomplicatedandflexible,theresolutionoftheextractedpersonimagesislow.So
itisdifficulttoobtainrobustfacefeatures.Therefore,personre-idoftenusestheappearancefeatures
oftheclothesandsomesignificantthingscarriedwithtargetpersons.

Thisarticle,originallypublishedunderIGIGlobal’scopyrightonOctober1,2019willproceedwithpublicationasanOpenAccessarticle
startingonFebruary2,2021inthegoldOpenAccessjournal,InternationalJournalofDigitalCrimeandForensics(convertedtogoldOpen
AccessJanuary1,2021),andwillbedistributedunderthetermsoftheCreativeCommonsAttributionLicense(http://creativecommons.org/

licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedtheauthoroftheoriginalworkand
originalpublicationsourceareproperlycredited.
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There-idproblemcanbesummarizedasfollows:thereareseveralcamerasfromnon-overlapping
views.Weobtainanumberofpersonimagesbypreprocessingtechnology.Theimagesincameras
2,3…definedasprobeandimagesincamera1definedasgallery.Theaimofre-identificationisto
findoutspecialimagescontainingthetargetpersonswhichareappointedinprobe.Thesketchmap
ofre-idasshowninFigure1.

Intheapplicationoftherealscenes,there-idfacessomeessentialproblems:

1. Thedifferencesofviewsresultinthemisalignmentofpersonappearance.Infact,thein-stallation
ofcamerasisusuallyfixedinpracticalapplications,butthevisualangleundervariouscameras
isoftendifferent.Thisdiversitycanevenresultintheproblemthatsomefeatureswhichcanbe
seenincameraAwillnotbefoundundercameraB.Thedeviationofappearancepositionwill
causethesamepersoncouldnotbediscoveredindifferentvideos.Inexistingpublicdatabases,
morethan90%ofpersonimagesexistthisdifferenceofperspective.

2. Thetraditionaldistancefunctiondoesnotconsiderthesamplecharacteristicsandthisproblem
leadtoaweakdiscriminant.ThedistancefunctionssuchasEuclideandistance,cosinedistance
andcorrelationdistancehavebaddiscriminantabilitybecausetheydonottakethedistribution
characteristicsofsamplesintoaccount.Accordingtotheexperimentalstatistics,therecognition
rateofthemeasurefunctionbasedonsampledistributionlearninginVIPeRdatabaseisabout
32%higherthanthetraditionaldistanceones.

The key technologies of person re-id include feature representation, feature transformation,
distance measurement and sorting. These days, more scientists put their concentrate on two
technologies:featurerepresentationanddistancelearning.Typicalalgorithmsofpersonre-idnow
canberankedasfollows:

1. Design a robust feature representation. In order to design a stable and discriminant feature
representation,thedimensionsoffeaturevectorshavebeenincreasinglyhigh,fromthou-sands
totensofthousands.

2. Learnagooddistancemetric.Learningarobustanddiscriminantmetricfunctionorcross-view
subspacecanimprovere-idperformances.

Figure 1. Person re-id sketch map
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Nevertheless,due to thedifferences invisualangleand illuminationofdifferentmonitoring
videos,theextractedfeaturesofpersonschangesharply,whichmayleadtoamoresimilarappearance
ofdistinctpersonsthanthesamepersoninanumberofvideos.Hence,astablefeaturerepresentation
is thefirststep toachievepersonre-id.Then,academiccircleoftencalculatesfeaturevectorsof
two-personimagestomatchthem,andrequirethedistancebetweensamepersonsmustlessthan
differentones.Aboveall,wecanconcludethatfeaturerepresentationandmetriclearningaretwo
keytechnologiesinpersonre-id.

Inthispaper,wechoosetheLocalMaximalOccurrence(LOMO)featurewhichwasgenerated
byLiao in2015(Liaoetal.,2015).TheLOMOhadachievedhigherperformanceby traditional
labeledways.Intermsofmetriclearning,weuseLOMOtomatchfourlearningalgorithmsonthree
commondatasetstocompletere-id,andcomparetheperformancesandfeatureofdataset’imagesto
concludewhichlearningalgorithmsuitablefortargetdatasets.Inaddition,weproposeanimproved
metriclearningmethodandgetbetterresults.

2. RELATED woRK

Theexistingfeaturerepresentationmethodshaveextendedfromoriginalcolorfeaturestotextureand
semantics.However,colorfeaturesarestillthemostwidelyusedvisualfeaturesinimageretrieval.
Thecolorisoftencloselyrelatedtoobjectsorscenescontainedintheimage.Inaddition,compared
withothervisualfeatures,colorfeatureshavelessdependenceonthesize,directionandangleofthe
imageitself,andthushavehigherrobustness.Colorhistogramiswidelyusedtorepresentfeature
vectorsinpersonre-id.Histogramdescribestheproportionofdifferentcolorsinthewholeimage.
AlthoughmostdigitalimagesareexpressedinRGBcolorspace,thespatialresultsdonotconform
topeople’ssubjectivejudgmentofcolor.Therefore,somepeopleproposehistogramsbasedonHSV
space,LUVspaceandLABspace,inwhichtheHSVspaceisthemostcommoncolorspaceofthe
histogram(Yangetal.,2014),anditsthreecomponentsrepresenthue,saturationandvaluerespectively.

Texture isakindofvisualfeaturereflectingthehomogeneousphenomenonin theimage.It
embodiesthestructureandarrangementpropertiesofsurfacestructurewithslowchangeorperiodic
change.Differentwiththecolorfeatures,thetextureisrepresentedbythegraydistributionofpixels
andthesurroundingspatialdomain.i.e.,thelocaltextureinformation.Whiletexturefeaturesembody
thepropertiesofglobalfeatures,italsodescribesthesurfacepropertiesofthescenecorresponding
totheimageorimageregion.However,asthetextureisonlyafeatureofanobjectsurface,itcannot
completelyreflecttheessentialattributeoftheobject,soitisimpossibletoobtainthehigh-levelimage
contentonlybyusingthetexturefeatures.Unlikecolorfeatures,texturefeaturesarenotbasedonpixel
features,butneedtobestatisticallycomputedinareascontainingmultiplepixels.Inpatternmatching,
thisregionalfeaturehasgreatsuperiority,andcannotbeunsuccessfulbecauseoflocaldeviation.

Texturefeatureisaneffectivemethodwhenretrievingtextureimageswithlargedifferencesin
thicknessanddensity.Butwhenthereislittledifferenceamongtheeasilydistinguishableinformation
betweenthetextureandthethickness,theusualtexturefeaturescanhardlyaccuratelyreflectthe
differencebetweenthedifferenttexturesofthehumanvisualsense.Forexample,thereflectionof
water,thereflectionofsmoothmetalsurfaces,andsoon,allaffectthetexture.Becausethesearenot
thecharacteristicsoftheobjectitself,whentextureinformationisappliedtotheretrieval,sometimes
thesefalsetextureswillcause“misleading”totheretrieval.Inaddition,texturefeatureshaveexcellent
anti-noiseperformance,butarealsovulnerabletoilluminationchanges.

Aboveall,weuseLOMOfeaturerepresentationmatchingfourmetriclearningmethodstoachieve
re-id.LOMOfeatureanalysisthelocalfeaturesofhorizontaleventsandmaximizeseventenhancement
stability,thusresistingvisualchanges.Inaddition,thismethodalsousesthedeformationofRetinex,
whichcaneffectivelyhandletheilluminationchangeprobleminre-identification.

DealingwithIlluminationVariations:
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Inacademicworld,colorisusuallyregardedasanimportantfeaturetodescribepersonimages.
However,differentcamerasareunderdifferentlightingconditions,andthecameramodelsarevaried.
Evenifthehumaneyefeelsthesamecolortothesamepersons,thecolorperceptionmaybedifferent
fromdifferentcameraenvironments.

LiaofirstlyusedRetinexalgorithmtopreprocesspersonimages.Fromtheperspectiveofperson
illuminationandcolor,Retinexgeneratescolorimagesconsistentwithhumaneyeobservationscenes.
Therestoredimagecontainsrichcolorinformation,especiallyforthedetailsoftheshadowarea.

ThemultiscaleRetinexalgorithm(Jobsonetal.,1997;Landetal.,1971) isused inLOMO
feature.MultiscaleRetinexfusion,small-scaleRetinexdynamicrangecompressionandlargescale
Retinexsimultaneouslyperformcolorreproduction.Therefore,thisalgorithmisoftenusedtodeal
withthestabilityofcolorpersistenceanddynamicrangeofautomaticcompression,toachievegood
near-humanvisualperception.InLOMOfeature,twoscalesofRetinexareused,theparametersare
5and20respectively.Itisobviousthattheprocessedimageshavebetterconsistencyinbrightness
andcolor,whichmakesiteasierforpersonre-idthanbeforeusingtheoriginalimages.Then,HSV
colorhistogramisextractedfromtheRetineximagesaspartofthefeatureinformation.

LiaoalsoappliedtheScaleInvariantLocalTernaryPattern(SILTP)descriptorforillumination
invarianttexturedescription(Liaoetal.,2010).Infact,LBPhasgoodstabilityundermonotonicgray
transformation,butitsrobustnesstoimagenoiseispoor.SILTPisanimprovedoperatoroverthe
well-knownLocalBinaryPattern(LBP).Itintroducesascaleinvariantlocalcomparisontolerance
andachievesrobustnesstoimagenoise.

DealingwithViewpointChange:
Personsfromdifferentcamerasusuallyappearatdifferentangles.Forexample,apersoninthe

frontviewofacameramayappearintherearviewofanothercamera.Therefore,matchingpersons
fromdifferentperspectivesisalsoadifficultyinre-id.Inordertosolvethisproblem,Liaoproposesto
dividethepersonimageintosixhorizontalfringesandcomputeahistogramineachfringe.However,
thismethodmayalsolosethespatialdetailinformationinthestripesandaffectitsidentificationability.

Liaousedslidingwindowstodescribethelocaldetailsofpersonimages.Theyusedasub-window
sizeof10*10,withanoverlappingstepof5pixelstolocatelocalpatchesin128*48images.Within
each sub-window,heextracted two scalesofSILTPhistograms ( SILTP
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,

. ), andan
8*8*8-binjointHSVhistogram.Eachhistogrambinrepresentstheoccurrenceprobabilityofone
patterninasub-window.Tosolvetheproblemofviewchanges,Liaoexaminesallthesub-windows
atthesamehorizontalposition(Prosseretal.,2010)andmaximizesthepossibilityoflocaloccurrence
ofeachpattern.Thegeneratedhistogramcanachievestabilityunderthechangeofangleandcapture
thelocalcharacteristicsofhumans.

Considering themultiscaleproblem, theyalsobuilta three-scalepyramid representation for
thepurposeofmulti-scale information,whichdown-samples theoriginal 128*48 imageby2*2
localaveragepoolingoperations.Hisfinaldescriptorhad(8*8*8colorbins+34*2SILTPbins)*
(24+11+5horizontalgroups)=26,960dimensions.

3. METRIC LEARNING

In this session, we will first briefly summarize the learning principles of four distance metric
algorithms(Zhengetal.,2011).

3.1. Cross-view Quadratic Distance Algorithm (XQDA)
UnderthepreconditionofzeromeanGaussiandistribution,Liao(Liaoetal.,2015)extendedBayesian
FaceandKISSMEtocomparecovariancematrix I∑ and E∑ ofintra-classΩI andinter-class
ΩE (Moghaddametal.,2002),respectively.Consideringtheoriginalfeaturedimensionsdislarge,
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andalowdimensionalspaceispreferredforclassification.XQDAlearnsadistancefunctioninthe
r dimensionalsubspacefortheross-viewsimilaritymeasure.Supposethereisacross-viewtraining
set{ , }X Z ,whereX x x x Rn

d n� �( , ,..., )
*

1 2
containsn samplesinaddimensionalspacefrom

oneview, Z z z z Rn
d m� �( , ,..., )
*

1 2
contains m samplesinthesameddimensionalspacebut

fromtheotherview.Thecross-viewmatching issuearises frommanyapplications,suchas face
recognition(Liaoetal.,2009)andviewpointinvariantpersonre-id.ItisimportanttonotethatZ is
thesamewithXinthesingle-viewmatchingscenario.Thedistancebetweenexamples xi and z j 
isdefinedasformofMahalanobisdistance

d x z x z x zi j i j

T

I E i j,� � � �� � �� � �� �� ��� 1 1  (1)

ThekernelmatrixisM I E� �� ��� 1 1 .However,itisdifficulttosolvethiskernelmatrix
directlybecauseitcontainstwoinversematrices.SotransferringtheMtothesubspacebyreducing
thefeaturevectorsdimension,thekernelmatrixreshapedas

M W W WI E
T

( ) ' '� �� �� ��� 1 1  (2)

Inordertoavoidtheinconvenienceoflearningtowinversematrices,Liaooptimizestheratioof

towcovarianceσ σ
E

I

w
w

( )
( )

toobtaintheoptimalsolution
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where� I
T

Iw w w( ) � � and� I
T

Iw w w( ) � � .

Themaximizationof J w( ) isequivalenttomax , . .
w

T
E

T
Iw w s t w w� � �1 .

4. MLAPG

Metrix learningplays a very important role in imagematchingof person re-id.However, if the
positivesemidefinite(PSD)constraintisappliedonthebasisofexistingdistancefunctions,alarge
numberofcalculationswillbegenerated.Conversely, thedistancefunctionof free learningwill
producepotentialnoise.Inthissection,weintroducethatPSDconstraintcanprovideaneffective
regularizationmethodtosmooththesolutionofmetriclearning,sothelearnedmetricismorerobust
thanwithoutthePSDconstraint.

Anotherkeyproblemisthatthereisaseriousimbalancebetweenthenumberofpositiveand
negativesamplesinthelearningprocessofre-id.Inparticular,somedatabasesforpersonre-id(such
asVIPeRandQMUL_Grid)aresmall,resultinginalimitednumberofpositivesamples.Therefore,
thelearningprocessiseasilycontrolledbyalargenumberofnegativesamplepairs,whichleadsto
poorlearningresults.Moreover,theproblemofimbalanceisevenmoreaffectedthanabovePSD
constraint.
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In thissection,welearna logicalmetric learningmethodofaPSDconstrainedasymmetric
sampleweightstrategyintermsofdistancemeasurement.Inaddition,thismethodfindstheglobal
minimumsolutionoftheobjectivefunctionbyacceleratingthenear-endgradientmethod(APG).

Supposethereiscross-viewtrainingset{ , , }x z y ,where x x x x Rn
d n� � �

( , ,... )
1 2

contains
samplesinad dimensionalspacefromoneview, z z z z Rm

d m� � �
( , ,... )
1 2

containsm samples
inthesamed dimensionalspacebutfromanotherview,and y Rn m� � isthematchinglabelbetween
x and z .LikeXQDA,MLAPG(Liaoetal.,2015)alsousedMahalanobisdistanceasEquation(4)
(Xingetal.,2002)tosolveimagematchingproblem

D x z x z x z M x zM M

T2 2
( , ) ( )� � � �� � �  (4)

Butdifferentfromtheabovemethod,LiaoappliedPSD(Semi-positiveDefiniteMatrix)constraint
(Kostingeretal.,2012),andtransferredthesolutionofthedistancefunctiontotheminimization

problemofasmoothconvexlossfunction f x z eM
y D x zM( , ) log
( ( , ) )� �� ��

1
2 �  (Zheng&Xiang

2013)inlogisticalform.Hence,theexpression(Nesterov2004)inthewholedatasetis

F M w f x z
j

m

i

n

ij M i j( ) ( , )�
�� �� 11

 (5)

It isworthmentioning thatLiaoproposedanasymmetric sampleweighting strategy,where

w Nij
pos

= 1 when yij =1andw Nij
neg

= 1 when yij � �1(Npos andNneg )arethenumber

ofpositiveandnegativesamplepairsrespectively).Attheendofcomputation,thecross-viewlogistic
learningfunctionissimplifiedas

min ( ) , . .
M
F M s t M ≥ 0  (6)

4.1. Discriminative Null Space (DNS)
Zhangetal.(Zhangetal.,2016)proposedthatprojectthesamepersontoonepointinnullspace.

NullFoley-Sammontransform:
NullFoley-Sammontransform(NFST)isinordertolearnadiscriminativesubspaceinwhich

thetrainingdatapointsineveryCclassesarecollapsedtoasinglepoint.NFSTalsoensuresthatC
pointsshouldnotfurthercollapsetoasinglepointforthepurposeofdiscriminative.Theauthoraims
tolearnanoptimalprojectionmatrixW,sothateachofitscolumnwsatisfiesthefollowingtwo
conditions:w S wT

w = 0 ,w S wT
b > 0 .

Hence, itguarantees thebestseparabilityof trainingdata in the termofFisherdiscriminant
criterion.ZhangcallsthislinearprojectingdirectionwasNullProjectingDirection(NPD)(Guoet
al.,2006).

Inconclusion,thekeyoflearningthediscriminativenullspacedependsonsolvinganeigen-
problem, which has a very efficient closed-form solution. Particularly, the whole optimization
algorithmhasnofreeparametertotune.

Semi-supervisedLearning:
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Whenappliedthefully-supervisedmethodNFSTtotheproblemofre-id,weuselabelledtraining
setlearntheprojectionW.Then,thetestdataareprojectedintothesamesubspaceandmatchedby
computingtheEuclideandistancebetweenaquerysampleandasetofgallerysamples.

Inpracticalapplications, thenumberof labeled trainingdata issparse,while thenumberof
unlabeleddata(personimagesunderdifferentpoints)isabundantthatcanalleviatethesmallsample
sizeproblem.TheNFSTalgorithmisextendedtothesemi-supervisedsettingforthispurposein
Figure2.

4.2. Enhanced Self-Trained Learning (SSL)
Althoughmanyresearchershasmademuchpromisingeffortsindistancemetriclearning,mostexisting
methodsaredevelopedinthefully-supervisedsetting,requiringaccesstoalargeamountoflabeled
trainingimagepairs.Itisimpossibletoobtainalargequantitiesoflabeleddatabecauselabeling
imagesisverycostly.Themainbottleneckforre-idunderfully-supervisedisthelimitedaccessto
labeledtrainingsamples.Itispronetoover-fittedtothelabeleddatawhenonlyasmallnumberof
labeleddataareavailable.Soitisimportanttodesignasolutionthatcanutilizeabundantunlabeled
data(Chapelle&Zien2009).Yangformulatespersonre-idasasubspacelearningproblem,whichis
similarwith(An&Bhanu2015;Pedagadietal.,2013).They(Yangetal.,2017)designaself-trained
(Zhu&Goldberg2009)subspacelearningapproachforpersonre-idwhicheffectivelyutilizesboth
labeledandunlabeleddatatolearnadiscriminativesubspacewherepersonimagesacrossdisjoint
cameraviewscanbematchedeasily.

Yangproposedtheenhancingsemi-supervised(Caietal.,2007;Hoietal.,2008)self-learned
algorithm.ThecorethoughtistousesomeoflabeledimagedataX

l
totrainlearningfunction.First,

Yanglearnsaninitialprojectionmatrixusingtheavailabledataonly.Thenheconstructspseudo
pairwiserelationshipsamongunlabeledpersonimagesX

u
usingk-nearest(KNN)algorithminthis

low-dimensionalsubspace Z
u

usingtheinitialprojection.Thelow-dimensionalrepresentationis
Z U X
u

T
u

= ( )0 .AKNNgraphisusuallyconstructedtomodeltherelationshipbetweennearbydata
nodes,whereanedgewillbeplacedbetweennodei andnode j usingoriginalfeaturerepresentation.

Figure 2. Semi-supervised null space learning
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ThepseudopairwiserelationshipsareencodedintoagraphLaplacianregularizationtermwhichis
furthercombinedwithafully-superviseddiscriminativetermtolearnanewprojection.Giventhe
newlylearnedprojection,Yangrefinestherelationshipsandrelearnedthediscriminativeprojection
withtheseupdatedpseudopairwiserelationships.

4.3. our Proposed Method
Inabovesection,weintroducetheSSLwhichtransformsthepersonre-idintodiscriminantprojection
matrixlearninginsubspacebyiterativelyprocessinglabeledandunlabeleddata.Theadvantageof
thissemi-supervisedalgorithmistouseonlypartoflabeledinformationinthedatabasetomatch
unlabeled person images from disjoint camera views to pseudo pairwise relationships. Iterative
learningisneededinthematchingprocesstoenhancethelearningperformance.

However,whenimplementingtheSSLmethodonthedatabase,Yang(Yangetal.,2017)does
notconsider the impactof labeled informationutilization ratioon the learningeffectduring the
iterationprocess.InEquation4,thesmallregularizationparameter η isthetrade-offbetweenthe
firstlabeledtermandthesecondunlabeledterm,but η isalwaysequaltooneduringthewhole
experiments,anddoesnotchangewiththeiterationprocess.

Consideringthat η istheparameteroftheunlabeledterm,andwiththeincreaseofiterations,
therelearningprojectionmatrixconstantlyupdatesthepseudopairwiserelationshipstomakethe
matchingresultsmoreaccurate.Therefore,weincreasetheparameterη oftheunlabeledtermduring
iterationtoenhancethere-idperformance.

ThissmallchangeofSSLhasgainedexperimentalperformanceimproving.Theiterativemethod
isshownasinthefollowingFigure3.

5. EXPERIMENTAL SECTIoN

5.1. Experimental Environment and Data
AllexperimentsinthispaperperformedunderMATLAB2015bcircumstance.Theparametersof
computerareasfollowsinTable1

WechoosethreecommonpublicdatasetsVIPeR,CUHK01andCUHK03.

5.2. Experimental Results and Analysis

VIPeR:Itisadatasetwidelyusedasatrainingtestinpersonre-id,whichincludes632personswith
1264 images,and the imageswerecollected from twocameras in theoutdoorenvironment.
Eachpersonhasonlyoneimageunderonecameraandallimagesare128*48pixels.InVIPeR,
personimagesaresignificantlydifferentinbackground,lightandangleofview,sothereisgreat
differenceinpeopleappearance.Duringexperiment,wedividehalfpersonsintotrainingsetand
theotherhalfastestingset.

CUHK01:TheCUHK01datasetisahomemadepersonre-iddatabasebuiltbyChineseUniversity
HongKong.Unlikeotherdatabases,personimagesinCUHK01havehighresolution.There
are971personsinthesedatabases.Eachpersonhastwoimagesundereachshootingangle.If
camAtakesthefrontviewofoneperson,camBwilltaketheotherviewofthisperson.All
imagesinCUHK01arethesameas160*60.Intheexperiment,485personsaretrained,while
theremaining486areusedfortesting.

CUHK03:TheCUHK03databasehas13164imagesof1360persons,anditisalsooneofthemost
popularpersonre-iddatabases.CUHK03hadbeencollectedforseveralmonths,involvingatotal
of6cameras,averaging4.8imagesperview.Imagesinthisdatabasehavepracticalsignificance
becausetheproblemssuchaspedestrianectopicandlackofbodyparts.Intheexperiment,1160
personsareusedastrainingsets,andtheremaining200personsareusedastestingsets.
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Inaccordancewiththeabovegroupingmethod,weconductedrandomlytentrails,andfinallytook
theaverageof tentimesas there-idrate.Inpersonre-id, thecumulativematchingcharacteristic
curveiscommonlyusedtodescribehitprobabilityinacademic.Whentestingtheperformanceof
thecentralizedtestalgorithmmodel,thetestsampletakesadistancevalueinturnwithNgallery
samples,thensortthroughtheorderfromsmalltolarge,anddrawtheCMCcurvefromthevalueof
theinter-classsampleinthefrontTop-k.Inordertofacilitatecomparison,theCMC-rankcurveis
usedasthebasisofdiscrimination.

Figure 3. The proposed self-trained subspace learning approach
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Fourimagesasfollowingareexperimentalresultsoffourmetriclearningalgorithmsonthree
databases.Weshouldnotethatwesetratio=1/3onSSLinallexperiments.Theratioequalto1/3
meansthatweonlyuse1/3oflabeleddata.

Inexperiments,weuseblueline,reddottedlineandblackpointlinerepresentresultsonVIPeR,
CUHK01andCUHK03respectively.ItcanbeclearlyseenfromFigure4,nomatterhowalgorithms
weapplied,nomatterweusesupervisedorsemi-supervisedlearning,there-identificationratesrange
fromlargetosmallareblack,redandbluecorrespondingtoCUHK03,CUHK01andVIPeR.Butif
wefocusonthefirst-shootingrate(asshowninFigure5),wewillfindthatthestartingpointofthe
redlineisalwaysabovetheblackline,andthebluelineisalwaysatthebottom.Comparedwiththe
characteristicsofCUHK:a)imagesizeinCUHK01areconsistent,whileCUHK03arecontrary;b)
thenumberofcamerasandpedestriansinCUHK03arefarbeyondinCUHK01.Sowhenrank1,
CUHK01ismoreadvantageousthatithasfastermatchingspeedandhigherrecognitionrate.While
alongwiththerankincreasing,thematchingismoreeasilysuccessfulintestingperiodinCUHK03
becauseofitslargeaverageimagesperperson.SotheperformancegetbetterthanCUHK01inthe
middleandposteriorsegmentofthecurve.AsforVIPeR,itsimageshavelowersolutionandfuzzy
features,sotheextractionhasmoredifficulties.Thefirst-shootingrateisonlyabout40%inVIPeR
farbelowthe60%inCUHKdataset.

Theabove three charts inFigure6 are the resultsof four comparisonexperimentson three
databases.Asawhole,theredlineisalwaysatthetop.Therefore,theMLAPGmetricrepresented
bytheredlinehasamorestablere-identificationperformanceonrank1-rank100.Weanalysisthe
resultsofthreedatabaseexperimentsasfollowing:

Thefirst-shootingperformanceofXQDA,MLPAG,DNSandSSLinVIPeRincreaseinturn,up
totheextentof2.63%.Butfromrank10torank60,wecanseethatSSLperformanceisworsethan
otherthreemethods.ComparedwithimagefeatureinVIPeR,becauseMLAPGappliedasymmetric
samplesweightingstrategybasedonXQDA,andusedAPGtoaccelerateobtaintheoptimalsolution
indistancefunction,sothewholeperformanceonMLAPGispriortoXQDA.WhileDNStakesSSS
intoaccountespeciallyforsmalldatabaselikeVIPeR,itismoreadvantageous.

Experiments in CUHK have some difference with VIPeR, for example, SSL has the worst
performanceinfirst-shootingwhilehigherthanXQDAafterrank30.Comparedwithimagefeatures
inCUHK,thenumberofperson,cameraandaverageimagesperpersonarefarbeyondtheVIPeR,
soonlyusingpartoflabeleddatalikeSSLisinferiortosupervisedmethods.

Wealsocomparetheperformanceofthesefourmethodsonthreedatabases.Fromtheresults
showninTable2,3,4,weobservethatwecanobtainsatisfactoryperformancebyonlylabelinga
smallproportionoftrainingdataisusinganeffectivesemi-supervisedlearningstrategy,especially
onCUHK01database. It is important tonote thatall experimentsofSSLareunder ratio=1/3
circumstance.WecanseefromTable2thatSSLhasbestrank1performancewith0.35%higher
thanDNS.WhileDNShasbetterperformancethanotherthreealgorithmsinrank5andrank10with
71.46%and82.95%respectively.InTable3,weobservethatSSLhasgreatpromisingonCUHK01
thanMLAPGandDNSbothinallrankswith68.46%,87.33%,92.53%and96.13%respectively.

Table 1. Experimental environment

Experimental Parameters Illustration

CPU IntelCoreCPU2.20GHz

Memory 4G

OperatingSystem Windows764bits

ExperimentalPlatform MATLAB8.6.0.267246(R2015b)



International Journal of Digital Crime and Forensics
Volume 11 • Issue 4 • October-December 2019

60

Figure 4. Results of XQDA, MLAPG, DNS, SSL on three datasets

Figure 5. Rank 1 rate of four methods on three datasets
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WhileonCUHK03,SSLonlygoesbeyondonrank1with61.44%,MLAPGhasbettermatching
ratesonrank5,rank10andrank20.

Inthefinal,wecomparetheperformanceofourapproachwithSSLonVIPeR,CUHK01and
CUHK03inTable5.FromtheresultsshowninTable5,weobservethatourapproachhasaslight
promotioncomparedwithSSLonVIPeR,CUHK01andCUHK03databaseswith0.45%,0.44%and
0.34%respectively.So,wecanconfirmthatthechangeofη canimprovethematchingrateofSSL
andgetbetterre-idperformance.

6. CoNCLUSIoN

Thispaperaimsattheproblemofpersonre-identification,choosingLOMOfeaturerepresen-tation
proposedin2015CVPRbyLiaotomatchfourmetriclearningalgorithms.WecanseethatMLAPG
ispriortoXQDAonlyforlargedatabases.CUHK03has13164personimagessoitissuitableto
appliedMLAPGwithasymmetricweightingstrategy.Buttakecomputationintoaccount,MLAPG
costmorestoragewhensimulating, so it ispractical toapplyXQDAinsmalldatabasessuchas
VIPeRandCUHK01.DNSispriortoMLAPGonlyforsmalldata-bases.Ontheotherhand,SSLas
onlyonesemi-supervisedmethod,theperformancesarenotverystable.Consideringtheparameter

Figure 6. Performance comparison on three datasets
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betweenlabeledtermandunlabeledterminSSLisalwaysconstantduringiteration,sowepropose
animprovedmethodwhichcontinuouslychangestheparameterbasedonthecurrentratio.Andthe
performanceofthismodifiedalgorithmisbetterthanSSLoriginalperformance.Itindicatesthat
semi-supervisedmetric learninghassamematchingrateandevenbetterones.Whenexperiment
performanceonasmalldataset,ithasbestratewithratio=1/3.Butwiththenumberofimagedatais
increasing,semi-supervisedeffectisinferiortosupervisedalgorithms.Therefore,ifweonlyfocus
onwholeperformanceandnotconsiderfirst-shooting,thesemi-supervisedshouldbespreadbecause
ithasadvantagesinpracticalsignificanceandlowratiooflabeleddata.

Table 2. Performance comparison on the VIPeR database

Methods Rank=1 Rank=5 Rank=10 Rank=20

XQDA 40.00% 68.13% 80.51% 91.08%

MLAPG 40.73% 69.94% 82.34% 92.37%

DNS 42.28% 71.46% 82.94% 92.06%

SSL 42.63% 70.51% 80.04% 92.92%

Table 3. Performance comparison on the CUHK01 database

Methods Rank=1 Rank=5 Rank=10 Rank=20

XQDA 63.21% 83.89% 90.04% 94.16%

MLAPG 62.24% 85.41% 90.84% 94.92%

DNS 64.98% 84.96% 89.93% 94.36%

SSL 68.46% 87.33% 92.53% 96.13%

Table 4. Performance comparison on the CUHK03 database

Methods Rank=1 Rank=5 Rank=10 Rank=20

XQDA 52.20% 82.23% 92.14% 96.25%

MLAPG 57.96% 87.09% 94.74% 98.00%

DNS 58.90% 85.60% 92.45% 96.30%

SSL 61.44% 81.84% 88.48% 93.85%

Table 5. Performance comparison of SSL and ours on three databases (ratio=1/3)

Methods Rank=1 Rank=5 Rank=10 Rank=20

VIPeR SSL 42.63% 70.51% 80.04% 87.92%

Ours 43.08% 71.18% 80.78% 88.72%

CUHK01 SSL 68.45% 87.32% 92.53% 96.10%

Ours 68.89% 87.86% 93.09% 96.71%

CUHK03 SSL 61.44% 81.84% 88.48% 93.80%

Ours 61.78% 82.27% 88.94% 94.33%
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Inthefuture,wewillstrengthenthestudyofsemi-supervisedorunsupervisedlearning,thereby
reducingtheworkloadofmanuallabelingisessentialtore-iddevelopment.Atthesametime,we
shouldmakefulluseofthesuperiorityofneuralnetworktofurtheroptimizethepersonre-idalgorithm.
Speedupthetransitionfromacademiatoindustrialapplications.
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