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Abstract 

In iComputer ivision, iobject idetection iand iclassification iare iactive ifields iof iresearch. 

iApplications iof iobject idetection iand iclassification iincludes ia idiverse irange iof ifields isuch ias 

isurveillance, iautonomous icars, irobotic ivision, isearch iand irescue, idriver iassistance isystems iand 

imilitary iapplications. iIn ithe ilast icouple iof idecades, iConvolution iNeural iNetwork i(CNN) iemerged 

ias ithe imost iactive ifield iof iresearch. iThere iare ia inumber iof iapplications iof iCNN, iand iits 

iarchitectures iare iused ifor ithe iimprovement iof iaccuracy iand iefficiency iin ivarious ifields. iIn ithis 

iresearch, iautomated iimage iinterpretation ifor itarget idetection iand irecognition iin isatellite/aerial 

iimages iis ipresented ithat iattracted imuch iattention iin ipast ifew iyears. iBut ilarge iimages iwith 

icomplex ibackground iand ithe iuneven idistribution iof itrainings isamples imake iit imore ichallenging, 

iparticularly iwith ismall iand idense iobjects. iRecently ivarious ideep ilearning itechniques imainly 

ibased ion ithe iCNN iare iproposed. iThe iperformance iof iall ithese itechniques, ihowever, idepends ion 

ithe isituations ithey iare iuse. iHowever, iin ithe icontext iof iobject idetection ifrom isatellite iimages 

iwe iexamine ithe iperformance iof ithe ilatest iCNN ialgorithms. iThis iresearch idetails ithe iprocedure 

iand iparameters iused ifor ithe itraining iof iconvolutional ineural inetworks i(CNNs) ion ia iset iof iaerial 

iimages ifor iefficient iand iautomated iobject idetection. iPotential iapplication iareas iin ithe 

itransportation iand imany iother ifields iare ialso ihighlighted. iThe iaccuracy iand ireliability iof iCNNs 

idepend ion ithe inetwork’s itraining iand ithe iselection iof ioperational iparameters. iThe iobject 

idetection iresults ishow ithat iby iselecting ia iproper iset iof iparameters, ia iCNN ican idetect iand 

iclassify iobjects iwith ia ihigh ilevel iof iaccuracy iand icomputational iefficiency. iFurthermore, iusing 

ia iconvolutional ineural inetwork iimplemented iin ithe i“YOLOv3” i(“You iOnly iLook iOnce”) 

iplatform, iwe idemonstrated ithat iYOLOv3 inot ionly iexceeds iin ithe isensitivity iand iprocessing itime 

iof iother iCNN ialgorithms ibut ialso iin idetecting ismall iand idense itargets. iThe ieffectiveness iof ithe 

iYOLOv3 iframework ihas ibeen idemonstrated ithrough iextensive iexperiments iand icomprehensive 

ievaluations ion iDOTA: iA iLarge iScale iDataset ifor iObject iDetection iin iAerial iImages. iThis 

idataset icontains ihigh iresolution iimages ithat iare icollected ifrom ithe iGoogle iEarth, isome iare itaken 

iby isatellite iJL-1, iand ithe iothers iare itaken iby isatellite iGF-2 iof ithe iChina iCentre ifor iResources 

iSatellite iData iand iApplication.YOLOv3 iachieves imAp iof i61.94% ithat iis i1.08% ihigher ias 

icompared ito iother idetecting imethods. 

Key iWords: iTarget idetection, iDOTA, isatellite iimages, iYOLOv3, imAp. 
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Chapter i1: iINTRODUCTION i 

In ithe ipresent iage iof itechnology, iAutomatic iTarget iRecognition i& iDetection iis 

imainly ia icomputer ibased itechnology irelated ito icomputer ivision iand iimage iprocessing ithat 

ideals iwith irecognizing i& idetecting iinstances iof isemantic itargets iof ia icertain iclass i(such 

ias ihumans, ibuildings, ior icars) i[1] iin idigital iimages iand ivideos. iOne iof ithe imost 

icommon iand iwell-researched idomains iof itarget irecognition i& idetection iinclude iobject 

idetection ii.e. iface iand ipedestrian idetection. iTarget idetection ihas imany iapplications imainly 

iin imany iareas iof icomputer ivision, iincluding iimage iretrieval iand ivideo isurveillance. 

The iproblem iof iTarget iDetection iin isatellite iimagery iis ia ichallenging ione. iKeeping 

iin imind i isuch i ichallenges i ithe i iproblem i iof i itarget i idetection i ifrom isatellite/aerial i 

iimages ihas i ibeen i iextensively i istudied i ifrom ithe ipast idecades. iEarlier iwe iwere iunable 

ito idetect iseparate iman-made ior inatural iobjects ibecause iof ilow iresolution iSatellite/Aerial 

iImages. iBut iwith ithe iavailability iof isatellite iand iaerial iimages iwith ihigh iresolution 

i(HRSI) i(having isub imeter iresolution) iwe iare iable ito i irecognize i idifferent i irange i iof i 

iobjects i iand i ieven i ican i ibe iseparately iidentified ithan i iever ibefore i iwhich ihas iopened 

inew ipossibilities iin i ithe i ifield iof i iAutomatic iDetection i iof i iTargets i iin iSatellite/Aerial 

iImagery. iConsiderable i iefforts ihave i ibeen i imade iduring i ithe i ilast i idecades i ito i idesign 

i iand i idevelop i idifferent ialgorithms i iand i itools i ifor i itarget i idetection i iin i isatellite/aerial 

iimagery i ilike i ibuildings, i itrees, i iroads, i iforests i iand i ivehicles. iDifferent ifrom iprevious 

istudies ithis iresearch ifocus ion ithe iuse iof ideep i ilearning i itechniques i ifor i itarget 

irecognition i& idetection i ifrom i isatellite iimagery i iemphasizing ion i idetection i iof i iroads, 

ibuildings, i isolar ipanels, i ivehicles i[2]. i 

But ihere, iour imain ifocus iis i“Detection iof iTargets ifrom iSatellite ior iAerial iImagery” 

iand ito ifigure iout iwhether ia isatellite ior iaerial iimage ihas ione ior imore itargets(objects) ithat 

ibelong ito ithe iclass iof iinterest iand iif ipresent ilocate itheir ipositions iin ithe iimage. i iSatellite 

ior iaerial iimages icontain idifferent itypes iof iobjects ilike ivehicles, ibuildings, isolar ipanels, 

iroads, iships ietc. i iTarget iDetection iin iSatellite iImage ianalysis iis ialso ia ifundamental 

iproblem iwhich iplays ia isignificant irole ifor idifferent itypes iof iapplications, isuch ias 

idetection iof igeological ihazard, iurban iplanning, iLand iuse iand icover imapping, 

ienvironmental imonitoring, iupdating iof igeographic iinformation isystem iand iagriculture. 
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iWith ithe iremarkable i iadvancement i iin i ithe i iquality i iand iquantity iof isatellite i iimages 

iand i idue ito ithe iobject iappearance ivariations icaused iby iillumination, ishadow, ibackground 

iclutter, iocclusion, i iviewpoint i ivariation i ietc. 

Object iclassification iand idetection iis ian iactive ifield iof iresearch isince ilast icouple 

iof idecades. iThere iare imany iapplications iof iobject idetection isuch ias isurveillance, 

iautonomous ivehicles iand imilitary ipurposes. iHand icrafted ifeatures isuch ias ithe iDiscrete 

iCosine iTransform, iWavelet iTransform iand ia ifew iothers iare iused ifor ifeature iextraction 

iand iPrincipal iComponent iAnalysis i(PCA) ifor iclassification i[3]. iIn irecent iyears iCNN iand 

ideep ilearning iarchitectures iare iused ifor iefficient iand iaccurate ifeature iextraction ias iwell 

ias iClassification iand iSegmentation. i 

In iour itarget iapproach iwe iare iusing idata isets iconsisting iof iSatellite iImages iwith 

idifferent icategories ifor itraining iof ithe iConvolution ineural inetwork. iAfter itraining, 

irigorous itests iare iperformed ifor ivalidation iof iresults. iThe ialgorithms iused ifor iAutomatic 

iTarget iRecognition/Detection iwork iin idifferent iways ibut ithe ibasic iworking iprinciple iof 

iall ithese ialgorithms iis isame iand ithat iis iExtraction iof iuseful iFeatures. iThey iextract iuseful 

ifeatures ifrom iinput idata i(Aerial/Satellite iimages iin iour icase) iand ithen ion ibasis iof ithese 

iextracted ifeatures ithey idetect iand iclassify ithe irequired itargets i(that iare iof i15 idifferent 

icategories iin iour icase). 

In ithis iresearch, iwe iare iusing itwo iAerial iimages iin ifrom itwo idifferent idatasets 

ialong itheir iaugmentations. iAerial iimages iare ithen ipassed ithrough ithe ilocalization iand 

iclassification, inetwork ifor ilocalization ias iwell ias iclassification iof iobjects. 
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Figure i1.1: i iWorkflow ifor iObject iDetection i[1] 

In ithe ifield iof icomputer ivision, iobject idetection iis istill ia icrucial itask iand ineeds ia 

ilot iof iimprovement ito ireach ithe ilevel iof ihuman iperception. iThe imotivation ibehind ithis 

ithesis iwas ito iutilize imultiple imodes iof iimaging ito iacquire ia imore iinformed iimage iso 

ithat iobject idetection ibecomes iefficient. iThis isystem ican ibe iutilized iin ithe iwar izone ito 

idetect istealth iobjects iand ican ialso ibe iused iin iinstitutions ifor isurveillance iand isecurity. 

iAnother iprime ipurpose iis ito icorrectly idetect ithe ipresence iand iaccurately ilocate ithe iobject 

iinstance(s) iin ithe iimage. iIt iis i(usually) ia isupervised ilearning iproblem iin iwhich, igiven ia 

iset iof itraining iimages, ione ihas ito idesign ian ialgorithm iwhich ican iaccurately ilocate iand 

icorrectly iclassify ias imany iobject iinstances ias ipossible iin ia irectangle ibox iwhile iavoiding 

ifalse idetections iof ibackground ior imultiple idetections iof ithe isame iinstance. iThe iimages 

ican ihave iobject iinstances ifrom isame iclasses, idifferent iclasses ior ino iinstances iat iall. 

1.1 Problem iStatement 

To idevelop ia ibetter isolution ifor iobject idetection iand iscene iidentification iin 

iSatellite/Aerial iimages iso ithat iit ibecomes ieasier iand iachievable ifor ithe ipurpose iof isafety 

iand isecurity. 

1.2 Aims iand iObjectives 

Major iobjectives iof ithe iresearch iare ias ifollows: 

 It ican ibe iused iin imilitary ibe iused iin imilitary ie.g. ifor idetecting iand irecognizing 

ian iobject iin iwar izones iespecially idetecting iunmanned iaerial ivehicles iand icruise 

imissiles iof ienemies. 

 It ican ialso ibe ia iused ifor ikeep ithe irecord iof inumber iof itargets ior isimply icounting 

itargets, iit iis iused ifor ianalyzing istore iperformance ior icrowd istatistics iduring 

ifestivals iby icounting ipeople ias itargets. 

 Can ibe iused iin ivegetation ifor ithe idetection iof ipesticides. 

1.3 Contributions 

 Review iand iComparison iof irecent idevelopments iin iobject idetection iand ilocalization 

isystems iusing ia iconvolutional ineural inetwork. 

https://en.wikipedia.org/wiki/Unmanned_aerial_vehicles
https://en.wikipedia.org/wiki/Cruise_missiles
https://en.wikipedia.org/wiki/Cruise_missiles
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 Fully iautomated isystem ifor iclassification iand ilocalization iof iobjects ifrom iaerial 

iimages ifor ithe ipurpose iof isafety iand isecurity. 

 We itrained iand ievaluated ithe imodel ion iDOTA idataset. iThe iresults ishow ithat iour 

iproposed inetwork iis ireally isimple, ifast iand iefficient. iBoth iquantitative iand 

iqualitative icomparisons iof iour inetwork iwith ithe istate-of-the-art inetworks iare 

iprovided. isystem ifor iobject idetection iand irecognition iin isatellite/aerial iimages 

iusing ia iconvolutional ineural inetwork. 

 

1.4 Structure iof iThesis 

This iwork iis istructured ias ifollows: 

Chapter i2: iStates ithe iliterature ireview iof irelated iresearch ifor iimage ifusion itechniques 

iand iobject idetection itechniques. 

Chapter i3: iGives ithe idetails iabout ithe idataset iused iin ithis ithesis. 

Chapter i4: iConsists iof ithe iproposed imethodology iin idetail. iIt iincludes: ifeature ilevel 

iobject idetection, idecision ilevel iimage iclassification, iobject idetection iand ilocalization. 

Chapter i5: iExperiments iand iresults iare idiscussed iin idetail iwith iall idesired ifigures iand 

itables. 

Chapter i6: iConcludes ithe ithesis iand ireveals ithe ifuture iscope iof ithis iresearch. 
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Chapter i2: iLITERATURE iREVIEW i 

The itask iof iautomatically irecognizing iand ilocating iobjects iin iimages iand ivideos iis 

iimportant iin iorder ito imake icomputers iable ito iunderstand ior iinteract iwith itheir 

isurroundings. iFor ihumans, iit iis ione iof ithe iprimary itasks, iin ithe iparadigm iof ivisual 

iintelligence, iin iorder ito isurvive, iwork iand icommunicate. iIf ione iwants imachines ito iwork 

ifor ius ior iwith ius, ithey iwill ineed ito imake isense iof itheir ienvironment ias igood ias ihumans 

ior iin isome icases ieven ibetter ithan ihumans. iSolving ithe iproblem iof iobject idetection iwith 

iall ithe ichallenges iit ipresents ihas ibeen iidentified ias ia imajor iprecursor ito isolving ithe 

iproblem iof isemantic iunderstanding iof ithe isurrounding ienvironment. iA ilarge inumber iof 

iacademics ias iwell ias iindustry iresearchers ihave ialready ishown itheir iinterest iin iit iby 

ifocusing ion iapplications, isuch ias iautonomous idriving, isurveillance, irelief iand irescue 

ioperations, ideploying irobots iin ifactories, ipedestrian iand iface idetection, ibrand irecognition, 

ivisual ieffects iin iimages, idigitizing itexts, iunderstanding iaerial iimages, ietc. iwhich ihave 

iobject idetection ias ia imajor ichallenge iat itheir icore i[3]. iDeep iLearning ihas irevolutionized 

ithe icomputing ilandscape ileading ito ia ifundamental ichange iin ihow iapplications iare ibeing 

icreated. iApplications iare ifast ibecoming iintelligent iand icapable iof iperforming icomplex 

itasks- itasks ithat iwere iinitially ithought iof ibeing iout iof ireach ifor ia icomputer. iExamples 

iof ithese icomplex itasks iinclude idetecting iand iclassifying iobjects iin ian iimage, 

isummarizing ilarge iamounts iof itext, ianswering iquestions ifrom ia ipassage, igenerating iart 

iand idefeating ihuman iplayers iat icomplex igames ilike iGo iand iChess. iThe ihuman ibrain 

iprocesses ilarge iamounts iof idata iof ivarying ipatterns. iIt iidentifies ithese ipatterns, ireasons 

iabout ithem iand itakes isome iaction ispecific ito ithat ipattern. iArtificial iIntelligence iaims ito 

ireplicate ithis iapproach ithrough iDeep iLearning. iDeep iLearning ihas iproven ito ihave ibeen 

iquite iinstrumental iin iunderstanding idata iof ivarying ipatterns iat ian iaccurate irate. iThis 

icapability iis iresponsible ifor imost iof ithe iinnovations iin iunderstanding ilanguage iand 

iimages. iWith iDeep iLearning iresearch imoving iforward iat ia ifast ipace, inew idiscoveries 

iand ialgorithms ihave iled ito idisruption iof inumerous ifields. iOne isuch ifield ithat ihas ibeen 

iaffected iby iDeep iLearning iin ia isubstantial iway iis iobject idetection. 
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2.1 Object iDetection i 

Object idetection iis ithe iidentification iof ian iobject iin ian iimage ialong iwith iits 

ilocalization iand iclassification. iSoftware isystems ithat ican iperform ithese itasks iare icalled 

iobject idetectors. iObject iDetection ihas iimportant iapplications. iNumerous itasks iwhich 

irequire ihuman isupervision ican ibe iautomated iwith ia isoftware isystem ithat ican idetect 

iobjects iin iimages. iThese iinclude isurveillance, idisease iidentification iand idriving. iThe 

iadvent iof ideep ilearning ihas ibrought ia iprofound ichange iin ihow iwe iimplement icomputer 

ivision inowadays. i[4] iUnfortunately, ithis itechnology ihas ia ihigh ipotential ifor iirresponsible 

iuse. iMilitary iapplications iof iobject idetectors iare iparticularly iworrying. iHence, iin ispite iof 

iits iconsiderable iuseful iapplications, icaution iand iresponsible iusage ishould ialways ibe ikept 

iin imind. 

2.1.1 Object iDetection iMethods 

The ifirst iobject idetector icame iout iin i2001 iand iwas icalled ithe iViola iJones iObject 

iDetector i[5]. iAlthough, iit iwas itechnically iclassified ias ian iobject idetector, iits iprimary iuse 

icase iwas ifor ifacial idetection. iIt iprovided ia ireal itime isolution iand iwas iadopted iby imany 

icomputer ivision ilibraries iat ithe itime. iThe ifield iwas isubstantially iaccelerated iwith ithe 

iadvent iof iDeep iLearning. iThe ifirst iDeep iLearning iobject idetector imodel iwas icalled ithe 

iOver ifeat iNetwork i[6] iwhich iused iConvolutional iNeural iNetworks i(CNNs) ialong iwith ia 

isliding iwindow iapproach. iIt iclassified ieach ipart iof ithe iimage ias ian iobject/non iobject iand 

isubsequently icombined ithe iresults ito igenerate ithe ifinal iset iof ipredictions. iThis imethod 

iof iusing iCNNs ito isolve idetection iled ito inew inetworks ibeing iintroduced iwhich ipushed 

ithe istate iof ithe iart ieven ifurther. iWe ishall iexplore ithese inetworks iin ithe inext isection. 

iThere iare icurrently itwo imethods iof iconstructing iobject idetectors- ithe isingle istep iapproach 

iand ithe itwo istep iapproach. iThe itwo istep iapproach ihas iachieved ia ibetter iaccuracy ithan 

ithe iformer iwhereas ithe isingle istep iapproach ihas ibeen ifaster iand ishown ihigher imemory 

iefficiency. iThe isingle istep iapproach iclassifies iobjects iin iimages ialong iwith itheir ilocations 

iin ia isingle istep. iThe itwo istep iapproach ion ithe iother ihand idivides ithis iprocess iinto itwo 

isteps. iThe ifirst istep igenerates ia iset iof iregions iin ithe iimage ithat ihave ia ihigh iprobability 

iof ibeing ian iobject. iThe isecond istep ithen iperforms ithe ifinal idetection iand iclassification 

iof iobjects iby itaking ithese iregions ias iinput. iThese itwo isteps iare inamed ithe iRegion 
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iProposal iStep iand ithe iObject iDetection iStep irespectively. iAlternatively, ithe isingle istep 

iapproach icombines ithese itwo isteps ito idirectly ipredict ithe iclass iprobabilities iand iobject 

ilocations. 

Object idetector imodels ihave igone ithrough ivarious ichanges ithroughout ithe iyears 

isince i2012. iThe ifirst ibreakthrough iin iobject idetection iwas ithe iRCNN i[6] iwhich iresulted 

iin ian iimprovement iof inearly i30% iover ithe iprevious istate iof ithe iart. iWe ishall istart ithe 

isurvey iby iexploring ithis idetector ifirst. 

2.1.1.1  Two iStage iDetectors 

Region iConvolutional iNetwork i(R-CNN) 

 

Figure. i2.1: iRegion iConvolutional iNetwork i[6] 

 

The iRCNN i[6] iModel iwas ia ihighly iinfluential imodel ithat ihas ishaped ithe istructure 

iof imodern iobject idetectors. iIt iwas ithe ifirst idetector iwhich iproposed ithe itwo istep 

iapproach. iWe ishall ifirst ilook iat ithe iRegion iProposal iModel inow. 

Fast iRCNN 

 



20 
 

 

Figure. i2.2: iFast iRegion iConvolutional iNetwork i[7] 

 

The iFast iRCNN i[7] icame iout isoon iafter ithe iRCNN iand iwas ia isubstantial 

iimprovement iupon ithe ioriginal. iThe iFast iRCNN iis ialso ia itwo-step imodel iwhich iis iquite 

isimilar ito ithe iRCNN, iin ithat iit iuses iselective isearch ito ifind isome iregions iand ithen iruns 

ieach iregion ithrough ithe iobject idetector inetwork. iThis inetwork iconsists iof ia iconvolutional 

ibase iand itwo iSVM iheads ifor iclassification iand iregression. iPredictions iare imade ifor ithe 

iclass iand ioffsets iof ieach iregion. iThe iRCNN iModel itakes ievery iregion iproposal iand iruns 

ithem ithrough ithe iconvolutional ibase. iThis iis iquite iinefficient ias ian ioverhead iof irunning 

ia iregion iproposal ithrough ithe iconvolutional ibase iis iadded, ievery itime ia iregion iproposal 

iis iprocessed. iThe iFast iRCNN iaims ito ireduce ithis ioverhead iby irunning ithe iconvolutional 

ibase ijust ionce. iIt iruns ithe iconvolutional ibase iover ithe ientire iimage ito igenerate ia ifeature 

imap. iThe iregions iare icropped ifrom ithis ifeature imap iinstead iof ithe iinput iimage. iHence, 

ifeatures iare ishared ileading ito ia ireduction iin iboth ispace iand itime. iThis icropping 

iprocedure iis idone iusing ia inew ialgorithm icalled iROI iPooling. 
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Faster iRCNN 

 

Figure. i2.3: iFaster iRCNN i[8] 

 

The iFaster iRCNN i[8] icame iout isoon iafter ithe iFast iRCNN ipaper. iIt iwas imeant 

ito irepresent ithe ifinal istage iof iwhat ithe iRCNN iset iout ito ido. iIt iproposed ia idetector ithat 

iwas ilearnt iend ito iend. iThis ientailed idoing iaway iwith ithe ialgorithmic iregion iproposal 

iselection imethod iand iconstructing ia inetwork ithat ilearned ito ipredict igood iregion 

iproposals. iSelective iSearch iwas iserviceable ibut itook ia ilot iof itime iand iset ia ibottleneck 

ifor iaccuracy. iA inetwork ithat ilearnt ito ipredict ihigher iquality iregions iwould itheoretically 

ihave ihigher iquality ipredictions. 

The iFaster iRCNN iintroduced ithe iRegion iProposal iNetwork i(RPN) ito ireplace 

iSelective iSearch. iThe iRPN ineeded ito ihave ithe icapability iof ipredicting iregions iof 
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imultiple iscales iand iaspect iratios iacross ithe iimage. iThis iwas iachieved iusing ia inovel 

iconcept iof ianchors. 

TABLE i2.1: iComparison iTable iof iTwo iStage iObject iDetection iMethods 

Object iDetector iType Backbone AP AP50 AP75 APS APM APL 

 iFaster iR-CNN+++[6] ResNet-101-C4 34.9 55.7 37.4 15.6 38.7 50.9 

 iFaster iR-CNN iw iFPN i[6] ResNet-101-FPN 36.2 59.1 39.0 18.2 39.0 48.2 

 iFaster iR-CNN iby iG-RMI i[6] Inception-ResNet-

v2 i[3] 

34.7 55.5 36.7 13.5 38.1 52.0 

 iFaster iR-CNN iw iTDM i[6] Inception-ResNet-

v2-TDM 

36.8 57.7 39.2 16.2 39.8 52.1 

 

2.1.1.2  iSingle iStep iObject iDetectors 

Single iStep iObject iDetectors ihave ibeen ipopular ifor isome itime inow. iTheir 

isimplicity iand ispeed icoupled iwith ireasonable iaccuracy ihave ibeen ipowerful ireasons ifor 

itheir ipopularity. iSingle istep idetectors iare isimilar ito ithe iRPN inetwork, ihowever iinstead 

iof ipredicting iobjects/non iobjects ithey idirectly ipredict iobject iclasses iand icoordinate ioffsets 

i[9]. 

 

Single iShot iMulti iBox iDetector i(SSD) 

 

Figure. i2.6: iSingle iShot iMulti iBox iDetector i(SSD) i[9] 

 

https://www.groundai.com/project/a-survey-of-modern-object-detection-literature-using-deep-learning/1#bib.bib6
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Single iShot iMulti iBox iDetector i[10] icame iout iin i2015, iboasting istate iof ithe iart 

iresults iat ithe itime iand ireal itime ispeeds. iThe iSSD iuses ianchors ito idefine ithe inumber iof 

idefault iregions iin ian iimage. iAs iexplained ibefore, ithese ianchors ipredict ithe iclass iscores 

iand ithe ibox icoordinates ioffsets. iA ibackbone iconvolutional ibase i(VGG16) iis iused iand ia 

imulti itask iloss iis icomputed ito itrain ithe inetwork. iThis iloss iis isimilar ito ithe iFaster iRCNN 

iloss ifunction- ia ismooth iL1 iloss ito ipredict ithe ibox ioffsets iis iused ialong iwith ithe icross 

ientropy iloss ito itrain ifor ithe iclass iprobabilities i[10]. iThe imajor idifference ibetween ithe 

iSSD ifrom iother iarchitectures iis ithat iit iwas ithe ifirst imodel ito ipropose itraining ion ia 

ifeature ipyramid. 

The inetwork iis itrained ion in inumber iof ifeature imaps, iinstead iof ijust ione. iThese 

ifeature imaps, itaken ifrom ieach ilayer iare isimilar ito ithe iFPN inetwork ibut iwith ione 

iimportant idifference. iThey ido inot iuse itop idown ipathways ito ienrich ithe ifeature imap iwith 

ihigher ilevel iinformation. iA ifeature imap iis itaken ifrom ieach iscale iand ia iloss iis icomputed 

iand iback ipropagated. iStudies ihave ishown ithat ithe itop idown ipathway iis iimportant iin 

iablation istudies. iModern iobject idetectors imodify ithe ioriginal iSSD iarchitecture iby 

ireplacing ithe iSSD ifeature ipyramid iwith ithe iFPN. iThe iSSD inetwork icomputes ithe 

ianchors ifor ieach iscale iin ia iunique iway. iThe inetwork iuses ia iconcept iof iaspect iratios 

iand iscales, ieach icell ion ithe ifeature imap igenerates i6 itypes iof ianchors, isimilar ito ithe 

iFaster iRCNN. iThese ianchors ivary iin iaspect iratio iand ithe iscale iis icaptured iby ithe 

imultiple ifeature imaps, iin ia isimilar ifashion ias ithe iFPN. iSSD iuses ithis ifeature ipyramid 

ito iachieve ia ihigh iaccuracy, iwhile iremaining ithe ifastest idetector ion ithe imarket. iIts 

ivariants iare iused iin iproduction isystems itoday, iwhere ithere iis ia ineed ifor ifast ilow 

imemory iobject idetectors. iRecently, ia itweak ito ithe iSSD iarchitecture iwas iintroduced iwhich 

ifurther iimproves ion ithe imemory iconsumption iand ispeed iof ithe imodel iwithout isacrificing 

ion iaccuracy. iThe inew inetwork iis icalled ithe iPyramid iPooling iNetwork i[10]. iThe iPPN 

ireplaces ithe iconvolution ilayers ineeded ito icompute ifeature imaps iwith imax ipooling ilayers 

iwhich iare ifaster ito icompute. 

You iOnly iLook iOnce i(YOLO) 
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Figure. i2.7: iYou iOnly iLook iOnce i(YOLO) i[11] 

 

The iYOLO i[11] igroup iof iarchitectures iwere iconstructed iin ithe isame ivein ias ithe 

iSSD iarchitectures. iThe iimage iwas irun ithrough ia ifew iconvolutional ilayers ito iconstruct ia 

ifeature imap. iThe iconcept iof ianchors iwas iused ihere itoo, iwith ievery igrid icell iacting ias 

ia ipixel ipoint ion ithe ioriginal iimage. iThe iYOLO ialgorithm igenerated i2 ianchors ifor ieach 

igrid icell. iUnlike ithe iFast iRCNN, iYolo ihas ionly ione ihead. iThe ihead ioutputs ifeature imap 

iof isize i7 iby i7 iby i(x+1+5∗ i(k)), ik iis ithe inumber iof ianchors, ix+1 iis ithe itotal inumber 

iof iclasses iincluding ithe ibackground iclass. iThe inumber i5 icomes ifrom ithe ifour ioffsets iof 

ix, iy, iheight, iwidth iand ian iextra iparameter ithat idetects iif ithe iregion icontains ian iobject 

ior inot. iYOLO icoins iit ias ithe iobject iness iof ithe ianchor. 

Retina iNet 

 

Figure. i2.8: iRetina iNet i[12] 

 

The iRetina iNet iis ia isingle istep iobject idetector iwhich iboasts ithe istate iof ithe iart iresults 

iat ithis ipoint iin itime iby iintroducing ia inovel iloss ifunction i[12]. iThis imodel irepresents ithe 

ifirst iinstance iwhere ione istep idetectors ihave isurpassed itwo istep idetectors iin iaccuracy 

iwhile iretaining isuperior ispeed. 
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The iauthors irealized ithat ithe ireason iwhy ione istep idetectors ihave ilagged ibehind i2 istep 

idetectors iin iaccuracy iwas ian iimplicit iclass iimbalance iproblem ithat iwas iencountered iwhile 

itraining. iThe iRetina iNet isought ito isolve ithis iproblem iby iintroducing ia iloss ifunction 

icoined iFocal iLoss. 

TABLE i2.2: iComparison iTable iof iSingle iStage iObject iDetection iTechniques 

Object iDetector iType Backbone AP AP50 AP75 APS APM APL 

YOLOv2 i[11] DarkNet-19 

i[11] 

21.6 44.0 19.2 5.0 22.4 35.5 

SSD513 i[5, i4] ResNet-101-

SSD 

31.2 50.4 33.3 10.2 34.5 49.8 

DSSD513 i[18, i4] ResNet-101-

DSSD 

33.2 53.3 35.2 13.0 35.4 51.1 

Retina iNet[16, i4] ResNet-101-

FPN 

39.1 59.1 42.3 21.8 42.7 50.2 

Retina iNet[16, i17] ResNeXt-101-

FPN 

40.8 61.1 44.1 24.1 44.2 51.2 

2.2 Convolutional iBases 

All imodern iobject idetectors ihave ia iconvolutional ibase. iThis ibase iis iresponsible ifor 

icreating ia ifeature imap ithat iis iembedded iwith isalient iinformation iabout ithe iimage. iThe 

iaccuracy ifor ithe iobject idetector iis ihighly irelated ito ihow iwell ithe iconvolutional ibase ican 

icapture imeaningful iinformation iabout ithe iimage i[13]. iThe ibase itakes ithe iimage ithrough 

ia iseries iof iconvolutions ithat imake ithe iimage ismaller iand ideeper. iThis iprocess iallows 

ithe inetwork ito imake isense iof ithe ivarious ishapes iin ithe iimage. 

Convolutional inetworks iform ithe ibackbone iof imost imodern icomputer ivision 

imodels. iA ilot iof iconvolutional inetworks iwith idifferent iarchitectures ihave icome iout iin 

ithe ipast ifew iyears. iThey iare iroughly ijudged ion ithree ifactors inamely iaccuracy, ispeed iand 

imemory. 

Convolutional ibases iare iselected iaccording ito ithe iuse icase. iFor iexample, iobject 

idetectors ion ithe iphone iwill irequire ithe ibase ito ibe ismall iand ifast. iAlternatively, ilarger 

ibases iwill ibe iused iby ithe ipowerful iGPU’s ion ithe icloud. iA ilot iof iresearch ihas igone 

https://www.groundai.com/project/a-survey-of-modern-object-detection-literature-using-deep-learning/1#bib.bib11
https://www.groundai.com/project/a-survey-of-modern-object-detection-literature-using-deep-learning/1#bib.bib11
https://www.groundai.com/project/a-survey-of-modern-object-detection-literature-using-deep-learning/1#bib.bib5
https://www.groundai.com/project/a-survey-of-modern-object-detection-literature-using-deep-learning/1#bib.bib4
https://www.groundai.com/project/a-survey-of-modern-object-detection-literature-using-deep-learning/1#bib.bib18
https://www.groundai.com/project/a-survey-of-modern-object-detection-literature-using-deep-learning/1#bib.bib4
https://www.groundai.com/project/a-survey-of-modern-object-detection-literature-using-deep-learning/1#bib.bib16
https://www.groundai.com/project/a-survey-of-modern-object-detection-literature-using-deep-learning/1#bib.bib4
https://www.groundai.com/project/a-survey-of-modern-object-detection-literature-using-deep-learning/1#bib.bib16
https://www.groundai.com/project/a-survey-of-modern-object-detection-literature-using-deep-learning/1#bib.bib17
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iinto imaking ithese iconvolutional inets ifaster iand imore iaccurate. iA ifew ipopular ibases iare 

idescribed iin ithe icoming isection. iBigger inets ihave iled iin iaccuracy ihowever, iadvancements 

ihave ibeen imade ito icompress iand ioptimize ineural inetworks iwith ia iminimal itradeoff ion 

iaccuracy. 

Convolutional iNeural iNetworks iare iacting ias ia ibackbone isolution ifor icomputer 

ivision iand imachine ilearning itasks ithese idays ialong iwith itheir igrowing ipopularity iwith 

ievery ipassing iday. iCNNs iare iwidely iadmired iand iused idue ito itheir isimple iand 

iunderstandable iarchitecture ias iwell ias itheir ipotential ito iprovide iefficient isolutions. iFirst 

iever iproposed iarchitecture ifor iConvolutional ineural inetwork iwas iLeNet iand iit iwas 

ipublished iby iLeCun iet ial i[14]. iIt itakes ian iinput iimage iperform iconvolution ion iit iusing 

i5x5 ifilters iwith ia istride iof i1, ithen iperforms isub isampling iafter ithat isome imore 

iconvolutions iand ifew ipooling ilayers iand ithen ifew ifully iconnected ilayers. iThis 

iarchitecture iprovided iexcellent iresults ifor idigit irecognition. iThis iarchitecture iprovided ithe 

ibasis ifor itoday’s ifast iand iefficient inetworks, ibut iit icould inot iprovide ibetter iresults ion 

idata isets idue ilack iof iavailability iof idata ion ithe iinternet iand idue ito iless icomputational 

ipower iof iGPUs ipresent iat ithat itime. 

 

 

Figure i2.1: iLeNet iArchitecture i[14] 

 

In i2012 iAlex iKrizhevsky iet ial. i[15] iproposed ia iCNN iarchitecture icalled iAlexNet. 

iAlexNet iwon i2012 iImageNet iclassification ichallenge iand ibeat iup iall iother imethods iby ia 

iclear imargin. iIt ireduced ierror irate ito i16.4%. iIts iarchitecture iconsists iof ifive 

iConvolutional ilayers, ithree iMax ipooling ilayers, itwo iNormalization ilayers iand ithree ifully 

iconnected ilayers. 
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Figure i2.2: iAlexNet iArchitecture i[15] 

 

With itime iCNNs ibecame ideeper iby iincreasing ilayers, iin iAlexNet ithere iwere ieight 

ilayers iin itotal iwhile iin i2014 itwo inetworks iemerged inamed ias iVGGNet i[16] iand 

iGoogleNet. iIn iVGGNet ithere iwere inineteen ilayers iwith ismaller ifilters. iConvolution ilayer 

ifilters iwere i3x3 iwith istride i1 iand ipad i1. iMax ipooling ilayers iwere i2x2 iwith istride i2. 

i7.3% ierror irate iin iILSVR ichallenge. i 

 

 

Figure i2.3: iVGG-Net iArchitecture i[16] 

 

GoogleNet i[17] iwon ithe iclassification ichallenge iof iILSVR iin i2014. iIn iGoogleNet 

ithere iwere itwenty itwo ilayers. iGoogleNet iused iinception imodules iand iis iformed iby 

iplacing imultiple iinception imodules iabove ieach iother. iError irate idecreased ito i6.7%. iIn 

ithe iinception imodule, ion ieach iinput icoming ifrom iprevious imodule imultiple iconvolution 
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iare iapplied ialong iwith ia ipooling ilayer iand iresults iof iall iof ithem iare ithen icombined iin 

ia isingle ilayer iwhich iwill ithen ibe ifed ito inext imodule iand iin ithis iway iit igoes ion. iIn 

iGoogleNet iat ithe istart iof ithe inetwork, iwe ihave istem inetwork ihaving iconvolution iand 

ipooling ilayers ito istart ithe inetwork ioperations. iThen iwe ihave iinception imodules iplaced 

iabove ieach iother. iAfter ithese iinception imodules iwe ihave ioutput imodule ialso icalled 

iclassifier imodule ifor ioutput iclassification. iThere iare ino ifully iconnected ilayers iin ithis 

iarchitecture. iMajor iproblem iof ithis iarchitecture iwas icomputational icomplexity ias ieach 

iinception imodule iwill iincrease ithe idepth iof ithe ioutput. 

In i2015 iResNet i[18] iwon iILSVR ichallenge iit iturned iout ito ibe ithe imost idense 

iarchitecture. iResNet ihas i152 ilayers iin itotal. iAn iError irate iof iResNet idecreased ito i3.57%. 

iIt iis iconsidered ito ibe ithe ibest iCNN iarchitecture iby ifar iand iit iis iused iwidely iwith ismall 

imodifications ihere iand ithere. 

 

Figure i2.5: iResNet iResidual iblock i[18] 
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Figure i2.6: iResNet iArchitecture i[18] 

 

 

Figure i2.7: iComparison iof iError irates iof iCNNs i[20] 

 

Table i2.3: iComparison iof iCNN iArchitectures 

 

CNN 

 

Conv.layers 

 

MACCs 

(millions) 

 

Parameters 

i(millions) 

 

Activations 

i(millions) 

 

ImageNet 

iTop-5 ierror 
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AlexNet 

 

5 

 

1140 

 

62.4 

 

2.4 

 

16.4% 

 

VGGNet-16 

 

16 

 

15470 

 

138.3 

 

29.0 

 

8.1% 

 

GoogleNet 

 

22 

 

1600 

 

7.0 

 

10.4 

 

6.7% 

 

ResNet-50 

 

50 

 

3870 

 

25.6 

 

46.9 

 

3.5% 

 

2.3 Applications iof iCNN 

The iConvolutional iNeural iNetwork ihas iemerged ias ithe ibest ipossible itechnique ifor 

idetection iand iclassification iin ithe ilast icouple iof idecades. iAfter isuccessful iclassification 

iof iImageNet idataset, iCNN iwas iopted ito iclassify iPASCAL iVOC iand iILSVR2013 idata 

iset ichallenge i[20]. iRoss iGirshick iet ial i[21]. iFrom iUC iBerkley iaccepted ithis ichallenge 

iand iproved ithat iCNN iis ia ifar ibetter iapproach ithan iHOG iand iSIFT ifor iclassification ias 

iwell ias isegmentation iof iimages. iThey iused iregion ibased iconvolutional ineural inetwork ifor 

iobject idetection iand inamed iit iR-CNN. iTheir itechnique iinvolved: itaking iimages ias iinput, 

iextracting iregions ifrom ithe idata iset, icomputation iof ifeatures ifor ieach iregion iusing 

iconvolutional ineural inetwork iand ithen ithe iclassification iof ia iregion iusing iSVM. i[22] 

Mathias iLimmer iet ial. i[23] iProposed ianother iuseful itechnique ifor icolorization iof 

iimages, iwhich iis iused ito itransfer iRGB iimages ito inear iinfrared iimages iusing ithe 

iconvolutional ineural inetwork. iBasic iimage icolorization itechniques icomprise iof ithree isteps: 

ifirst istep iis ito isegment iimages, ithe isecond iis ito iassign ia icolor ipalette ifor ieach iregion 

iand iin ithird istep ieach ipalette iis iused ito idetermine ichrominance. iDuring ipreprocessing 

istep iimage ipyramid iis icreated ithan ipyramid’s ilevels iare iassigned ito ithe icorresponding 

ilayer iof ithe ineural inetwork. iAt ithe iend iof ithe ineural inetwork iall ilayers iare ifused 

itogether ito iform ion ia ifully iconnected ilayer iof ioutput. iSize iof ifilter ichanges iafter ieach 

ipooling ilayer iwhile ithe isize iof ikernel iremains isame ithroughout ithe inetwork. iOnce 

iCNN’s iresult iis iobtained ipost iprocessing iis idone ito iremove inoise iand iambiguities. iFor 
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ipost iprocessing, ibilateral ifilters iare iused iand ionce iimage iis ifiltered iit iis icompared iwith 

iinput iimage ifor ihigh ifrequency iaugmentation ito iform ia iresultant icolorized iimage. i 

CNN ican ibe iused iin ithe ifield iof imedicine ias iwell. iIn i[24] iTeresa iAraujo iet ial. 

iproposed ia iCNN ibased itechnique iwhich ihelps iin ithe idetection iof icancerous icells iin 

ibreast itissues. iDeep ineural inetworks iare ifound ito ibe imore ieffective ithan iother 

iconventional itechniques. iCNN’s ioutput iprovides icertain ifeatures iof ithe iimage iwhich ican 

ithen ibe icombined iwith iSVM ilater ito iget ieven ibetter iresults. i 

Gustav iLarsson iet ial. iProposed ia itechnique ibased ion ithe ideep iCNN ifor 

icolorization iof igrayscale iimages. iAs icolored iimages iprovide imuch imore iinformation ithan 

iblack iand iwhite ior igrayscale iimages, iit iis iof igreat iconsideration ito iconvert ialready 

ipresent igrayscale idatasets iinto icolored idatasets. iThe iConvolutional ineural inetworks ican 

ibe iused ias ia imajor iand ieffective itechnique ifor ithis ipurpose ias ialready itrained inetworks 

iproduce iefficient iresults. iProposed itechnique itakes ia igrayscale iimage ias iinput iand 

iproduce icolorized ioutput iby ipassing iit ithrough isome iConvolutional ilayers iand icouple iof 

ifully iconnected ilayers. i[25] 

Another iapplication iof iconvolutional ineural inetwork iis ito icheck iout ithe ipotential 

idifference ibetween icolored iand iLiDAR idata ifor iobject idetection iand iclassification. iR. 

iNiessner iet ial. idiscussed ithis iproblem iin idetail iand iprovided iexperimental iconclusions 

iabout ibetter itechniques iand ieffective iapproach. iThree idifferent iapproaches iare itaken iinto 

iaccount ifor ithe ivariation iof iconvolutional ineural inetwork. iIn ithe ifirst imethod ia 

iConvolutional ineural inetwork iis itaken iwhich iis itrained ialready iand iits ioutput iis igiven 

ias ian iinput iinto iSVM ifor iclassification, iIn ithe isecond itechnique ianother ipre itrained 

ineural inetwork iis itaken iand iis iused ifor ithe ipurpose iof irefinement iof idata iwithin ithe 

inetwork ilayers, iand ithe ithird ian ilast iapproach iis ito itake ia ineural inetwork iwhich iis inot 

itrained iin iadvance iand iuse iit ifor ithe ipurpose iof iclassification iafter itraining iit. iGRSS 

idata iprovided iby iIEEE iare iused iin ithe iverification iprocess. iUpon ievaluation iit iis 

iconcluded ithat iLiDAR idata iprovide ibetter iresults ias icompared ito iRGB i[26]. 

Image imatting iis ia ipopular itechnique iin iimaging iand ivideo iediting iareas. iThis 

icould ibe ivery iuseful iwhen idealing iwith ibackground ialteration iand ifilm imaking, iespecially 

iin ianimated ior imovies iwith ispecial ieffects. iTo icrop ian iobject ior inumber iof iobjects ifrom 

ithe iforeground iwith isuch iaccuracy ithat ion iadding ia ivirtual ibackground iit idoes inot ilook 
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iunrealistic. iNing iXu iet ial. iProposed iimage imatting itechnique ibased ion ineural inetworks, 

iwhich ialso ihandles ihigh ilevel ifeatures iand icontext iof iimages. iTheir iarchitecture iconsists 

iof itwo ineural inetworks, ione iof iwhich itakes ithe iinput iimage iand iits itri-map iand iuses 

iencoder idecoder imechanism ito iproduce imatte iof ithe iimage. iSecond inetwork iis iused ifor 

ifine ituning iof ioutput iof ithe ifirst inetwork. i[27] 

In iaddition ito iabove imentioned itechniques iconvolutional ineural inetwork ican ibe 

iused iin ia inumber iof iother iapplications ias iwell. iIn i[28] iAshnil iKumar iet ial. icombined 

imultiple iConvolutional ineural inetworks ito iensemble idata ifrom idifferent imodalities iwhich 

ican ibe iused ifor imedical iimage iclassification iand idetection. iIn i[29] iRonald iKemker iet 

ial. iused ideep iCNN ifor ithe ipurpose iof iimage isegmentation. iMulti ispectral iimages iare 

ibeing isegmented iin ithis imethod iand inetworks iare itrained iand ifine-tuned iover imulti 

ispectral idatasets. iJiwen iLu iet ial. i[30] iproposed ia inew itechnique ifor iimage iclassification 

ibased ion imulti imanifold ideep imetric. iThey iutilized imanifold imodels ifor iclassification iof 

iobjects iunder icertain icircumstances, isuch ias idifferent ilighting iconditions iand idifferent 

iangled iimages iof ithe isame iscene. iSimon iPhilipp iHohberg i[31] idid ihis ithesis ion ithe 

itopic iof iwildfire ismoke idetection iby iusing iconvolutional ineural inetworks, iwhich iis ia 

icritical itopic ias idetection iof iwildfire ismoke iat iearly istages ican ibe ivery ihelpful iin 

icontrolling ithe ifire ithat’s ispreading iin ithe iarea iand ihence isaving ia ilot iof iresources, 

iwildlife iand ihuman ilives. iIn i[32] iJin iKyu iKang iet ial. iProposed ia ifuzzy iinference ibased 

iConvolutional ineural inetwork, iwhich itakes iRGB iand iinfrared iimages ias iinputs iand 

iprocess ithem ito ifind iout iwhich ione iis igiving ibetter iresults iand iin iturn iperform 

ipedestrian idetection. iIn i[33] iNatalia iNeverova iused iconvolutional ineural inetwork ifor 

ihuman imotion ianalysis. iIt itakes iinputs iin idifferent iforms isuch ias iimages, ivideos, iaudio 

iand irecorded ivoice iand ithen icombine ithe iresults iof ithese imodalities ito igive ian 

iestimation iof ihuman’s iemotional iand iphysical istate. iSamer iHijazi iet ial. iUsed 

iConvolutional ineural inetwork ifor iimage irecognition. i[34] i i i i 

 i2.4 Automatic iTarget iRecognition i& iDetection i(ATR) 

Current iapproaches ito iimage iclassification imake iessential iuse iof iartificial 

iintelligence iapproaches. iThe iintroduction iof ideep ilearning ihas irevolutionized ithe iartificial 

iintelligence iand icomputer ivision ifield. iIn ithis iresearch, iwe iwill iexplore iinnovative ideep 
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ilearning iapproaches ifor ivehicle iclassification iand ilocalization iusing ireal itraffic 

isurveillance irecordings. iAs iwe iall iknow ihumans iinterpret ian iimage ias ia imeaningful 

iarrangement iof iregions iand iobjects inot ijust ia irandom icollection iof ipixels. iThere iexist ia 

ilarge ivariety iof iimages ilike: inatural iscenes, ipaintings, iaerial/satellite iimages ietc i[1]. 

iHumans ihave ino iproblem ito iinterpret iand iclassify ithese iimages idespite ithe ilarge 

ivariations iin ithese iimages. iScene iunderstanding iand iclassification iis ia ichallenging 

iproblem iin iimage ianalysis. iClassification ibasically iworks ion ithe iconcept iof iisolation ilike 

ibased ion isome ispecific icriteria iseparating ithe idifferent iregions, iwhich igenerally 

icorrespond ito imeaningful iobjects ithat iis ihere ito icompose ior iwe ican isay ito icomplete ia 

igiven iscene. iDeep ineural inetworks iespecially iconvolutional ineural inetwork iwill ibe 

iexplored iin ithis iresearch. iThe iproposed iimage iclassification iapproach ican ibe iused ifor 

iautomatic itarget irecognition ifor igeneral iscene iunderstanding. iWe idevelop ia iConvolution 

iNeural iNetworks i(CNN) iarchitecture ifor iachieving iATR iin iaerial iimagery ithat iclassify 

iand ilocalize ithe ivehicles iand ipedestrians iand ifind iwhat iwill ibe ithe iclassification iaccuracy 

ilevels ithat ican ibe iachieved ithrough ithe iapplication iof ineural inetworks. iWe iuse igraphics 

iprocessing iunits i(GPU) ito iaccomplish ithe icomputational itasks. 

Applications iof iAutomatic iTarget iRecognition i& iDetection 

Automatic iTarget iRecognition iand iDetection ihas imultiple iapplications iand ican ibe 

iused iin ia ivariety iof ifields imainly idepends ion ithe itargets ineed ito ibe irecognize ior idetect 

ilike: i 

 Facial iRecognition 

This iis ibasically ian iapplication iof iATR ii.e. icalled ithe i“Deep iFace” ithat ihas ibeen 

ideveloped iby ia igroup iof iresearchers iin ithe iFacebook iand iis iused ito iidentify ihuman 

ifaces iin ia idigital iimage. iFacial iRecognition iis ibasically ibased ion iclassification iand 

idetection iof ivarious icomponents iof iface ilike ithe ieyes, inose iand ietc. 

 Target iCounting 

ATR ican ibe ialso iused ifor ikeep ithe irecord iof inumber iof itargets ior isimply 

icounting itargets, iit iis iused ifor ianalyzing istore iperformance ior icrowd istatistics iduring 

ifestivals iby icounting ipeople ias itargets i[2]. iIt iis ia ivery iimportant iapplication iof iATR 

iand ican ibe iused iin imultiple ifields. 
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 Quality iCheck iin iIndustries 

ATR iis ialso iused ito iidentify iand iclassify idifferent iproducts iin iindustry. iFinding ia 

iproduct iof ia ispecific icategory ithrough ivisual iinspection iis ia ibasic itask ithat iis iinvolved 

iin imultiple iindustrial iprocesses ilike isorting, iinventory imanagement, imachining, iquality 

imanagement, ipackaging ietc. i 

 Self-Driving iCars 

As iwe iall iknow iSelf-driving icars iare ithe iFuture iand ithere’s ino idoubt iin ithat. iBut 

ithe iworking imechanism ibehind iit iis ivery idifficult iand icompletely ibased ion iATR ias iit 

icombines ia ivariety iof itechniques ito iperceive itheir isurroundings, iincluding iradar, ilaser 

ilight, iGPS iand icomputer ivision i[3]. 

 Security 

ATR iplays ia ivery iimportant irole iin iSecurity. iBe iit iface iID iof iApple ior ithe iretina 

iscan iused iin iall ithe isci-fi imovies. iIt iis ialso iused iby ithe igovernment ito iaccess ithe 

isecurity ifeed iand imatch iit iwith itheir iexisting idatabase ito ifind iany icriminals ior ito idetect 

ithe irobbers’ ivehicle. iSimilarly iATR ican ibe iused iin imilitary ie.g. ifor idetecting iand 

irecognizing ian iobject ion ia ibattlefield iespecially idetecting iunmanned iaerial ivehicles iand 

icruise imissiles iof ienemies. 

ATR ihas iapplications iin imany iareas iof icomputer ivision, iincluding iimage iretrieval 

iand isurveillance iand ivideo iobject ico-segmentation. iMost iimportant iapplication iis iin 

iintelligent itraffic isurveillance isystems ito ianalyze iand iextract iuseful iinformation ifrom 

irecordings i[2]. iATR ican ibe iused ito iidentify iand iclassify imanmade iobjects ias iwell ias 

ifor ibiological itargets isuch ias ianimals, ihumans ietc. iIt iis ialso iused iin itracking iobjects, 

ifor iexample itracking ia iball iduring ia ifootball imatch, itracking imovement iof ia icricket ibat, 

itracking ia iperson iin ia ivideo. 

The iapplications iof iAutomatic iTarget iRecognition iand iDetection iare ilimitless. 

2.5 Automated iTarget iDetection iin iSatellite/Aerial iImages iusing iCNN 

Today, iRecognition i& iDetection iof iTargets iin iSatellite/Aerial iImages iis ione iof ithe 

imost ichallenging iproblems. iHowever, i idue ito i iimportance iof iATR iin ia iwide irange iof 

iapplications isuch ias imilitary iapplications i, iurban iplanning i, iand ienvironmental 

imanagement i iit ihas iattracted ia ilot iof i iresearcher’s i iattention iin irecent iyears iand iis 

https://en.wikipedia.org/wiki/Unmanned_aerial_vehicles
https://en.wikipedia.org/wiki/Cruise_missiles
https://wiki.eanswers.net/en/Image_retrieval
https://wiki.eanswers.net/en/Object_Co-segmentation
https://wiki.eanswers.net/en/Motion_capture
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iconsidered ias ian iessential istep ifor iunderstanding iand iinterpreting ilarge iAerial/Satellite 

iscenes i[1] i. iThus, iresearchers ihave iproposed idifferent itechniques iand ialgorithms iin iorder 

ito iaccurately irecognize iand idetect idifferent itypes iof itargets iin iSatellite/Aerial iImages 

isuch ias ivehicle, iairplane, ibuildings, iand istorage itanks ietc. 

The itechniques ithat ihave ibeen iproposed iin ithe iliterature ifor isolving iTarget 

irecognition iand idetection itask iin iSatellite/ iAerial iImagery ican ibe iclassified iinto itwo imain 

icategories: itraditional iapproaches ithat irely ion ihandcrafted ifeatures iand ideep ilearning-

based iapproaches ithat irely ion ia iconvolution ineural inetwork i(CNN) ias ifeature iextractor 

iand iprovide isuperior iperformance. iHandcrafted ifeatures ilimit ithe irepresentation icapacity 

iand ido inot igive ithe idesired iaccuracy. iOn ithe iother ihand, ideep ilearning ishows ian 

ioutstanding iperformance iin imany idomains isuch ias iimage iprocessing idue ito iautomatic 

ifeatures igeneration. 

The idevelopment iof iintelligent itraffic isurveillance isystems ihas iemerged ias ian 

iimportant iissue iin irecent iyears. iOne iof ithe imajor iissues ifaced iby itoday’s iimagery ianalyst 

i(IA) icommunity iis ithe itimely iexploitation iof ilarge iquantities iof iimagery. iExtensive isearch 

iareas, imulti-banded iimage icubes, iand ihigh idata irates icreate idata ivolumes ithat iare ioften 

itoo ilarge ito ibe ianalyzed iwithin ioperational itimeline irequirements. iSo ian iATR isystem ican 

iovercome ithis idifficulty ialong iwith icorrect idetection iand iclassification iof itargets iwithin 

ian iimage/scene. i i 

A ilot iof itechniques ihave ibeen iproposed iin iearly i90s iregarding iobject idetection 

iand iclassification i[36]. iSome iof ithem iinclude iuse iof iimage iinformation ialong iwith 

iclassifiers ito idivide ithe iproblem iinto icertain icategories ilike iimage ipreprocessing, ifeature 

iextraction, ipath iplanning iand iobject idetection ietc. iSo ithe iautomated itarget irecognition 

iwould ibe ibroken iup iinto isub-categories iand ithen iindividual iimplementation iwould ibe 

idone.CNNs iare irecently ibeing iused ifor iautomated itargets ito idevelop ian iend ito iend 

isystem ithat ican idetect iand iclassify itargets iaccurately i ijust ilike ihumans ibut ithere iis istill 

ia ineed ifor iimprovement ito iattain ibest ipossible iresults. iThe iarea iof iDetection iand 

iclassification iin inatural iimagery iis iwhere imost iATR irelated ineural inetwork iresearch ihas 

ibeen iaccomplished. 

Li iZhuo1 iand i iLiying iJiang1 i ipresented ia inew imethod i[37] iof iclassification iusing 

iConvolutional iNeural iNetworks ifor ivehicles i.the ipresented imethod iused ithe iconcept iof 



36 
 

iper itraining iand ifine-tuning i.initial imodel iis itrained ion ia isubset iof iImageNet idataset 

i,then ithis imodel iis ifine ituned ifor ithe iconstructed ivehicle idataset. iThe iconstructed idataset 

ihas itotal iof ialmost i13.7 ithousand iimages iwith isix icategories iof ivehicles ithat iare 

iextracted ifrom idifferent itraffic ivideos. iThe iexperimental iresults iobtained ifrom ithis iare 

i3% ihigher ithan ithe iother icommon imethods iused ifor iclassification iof ivehicles ifrom 

inatural iimages iwith ian iaccuracy iof i98.26%.Yohei iKoga, iHiroyuki iMiyazaki iand iRyosuke 

iShibasaki i[38] iproposed ia ihard imining iCNN ibased imethod ifor idetecting ivehicles iin 

iaerial iimages. iBasically ihard imining iis iapplied ito ichoose imost iinformative idata ifor 

itraining iof iCNN.This iapproach imake ibest iTraining iof iCNN iby iproviding ithe iaerial 

iimages ithat ionly icontain ithe ivehicles ino iother icategory iwas ipresent iin ithose iimages. 

iThis imethod iis iused ifor iefficient itraining iof ia inetwork. iThe iresults iobtained iafter ithe 

itraining iof iCNN ion ithe ihard imined idata iare i.02% ihigher ithan ithe iother imethods ithat 

itrain iCNN ithrough iconventional itraining imethod. iJun iSang i, iZhengyuan iWua iproposed ia 

inew imodel i[39] ifor ivehicle idetection iknown ias iYOLOv2.The iproposed imodel iused ithe 

ifamous ik imean iclustering ialgorithm ifor ibounding iboxes iof itraining idataset. iSimilarly 

ifusion istrategy iwith ithe iconcept iof imulti-layer ifeatures iwas iused iin ithis imodel iin iorder 

ito iimprove ithe iability iof ia inetwork ito iextract ifeatures. iValidation iof ithis imodel iis 

icarried ion ia iBeijing iInstitute iof iTechnology i(BIT) idataset iwhich ihas i9.5 ithousand 

iimages. iThe ivalidation iresults iwith ithe iaccuracy ipoint iof i94.78% iof ithis imodel iindicates 

ithat iit iis ione iof ithe ibest imodels ifor idetecting ivehicles ifrom ithe iimages. iIn irecent iyears, 

iregional ibased iDNNs iespecially iCNN igain ia ilot iof ipopularity iin ithe icase iof itarget 

idetection iin imany icomputer ivision iapplications i.however itheir iuse ias idetection ialgorithm 

iin iimages ihas imany ishortcomings ilike ithey icannot iaccurately idetect ithe ismall itargets ilike 

ismall ivehicles iand isimilarly ithey icannot idistinguish itargets iand icomplex ibackgrounds.in 

iorder ito iovercome ithese iand imany iother ishortcomings iof iregional ibased iconvolutional 

inetworks iTianyu iTang iand iShilin iZhou i[40] iproposed ia inew iand iimproved imethod iof 

idetecting itargets ibased ion ifaster iR-CNN.They ibasically iextract itargets ilike ivehicles 

ithrough ihyper iregion iproposal inetwork iand ithen iclassify ithe iextracted itargets ithrough 

icascade iboosted iclassifiers iin iaerial iimages. iThis iis ian iinnovative imethod iused ifor itarget 

idetection. iThis imethod iis itested iover idifferent idatasets iof iaerial iimages iand ithe 
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iexperimental iresults iof iproposed imethod iare iquite isatisfying ias icompared ito iother 

imethods. 

Table i2.4: iLiterature iReview iSummary 

S. 

iNo. 

Author Year Technique Data iset Reported 

iresults i 

1 Ross iGirshick iet 

ial. 

2014 CNN ito ibottom-up 

iregion iproposals 

PASCAL iVOC 53.3% 

imAP 

2 Abdullah iAsım 

iYILMAZ 

2018 R-CNN, iFaster iR-CNN 

i 

sample ivehicle 

idatasets 

0.73, i0.76 

imAP 

3 Yohei iKoga 2018 HEM ito iSGD ion idata 

ito itrain iCNN 

 iImages ifrom 

iNew iYork i i 

0.02 iF1 

iScore 

4 Yi iTan 2017 vehicle iproposals iand 

iCNN 

infrared i(IR) idata 85% 

iaccuracy 

5 Heikki iHuttunen 2016 DNN iand iSVM iusing 

iSIFTfeatures 

database i6500 

iimages 

97 i% 

iaccuracy 

6 Jorg iWagner iet 

ial i 

2016 CNN KAIST 43.80% 

imiss irate 

 i 

7 Jingjing iLiu it ial 2016 Faster-RCNN KAIST 37% imiss 

irate 

 i 

8 Zhen iDong 2015 CNN iwith iLaplacian 

ifiltert isoftmax 

iclassifier 

BIT-Vehicle 

idataset, 

88.1% 

iaccuracy 

9 Jun iSang 2019 YOLOv2_Vehicle 

ibased ion iYOLOv2 

BIT-Vehicle 

ivalidation idataset 

94.78% 

imAp 

 

 iThis itable iconcludes ia igeneral ioverview iof ithe iliterature ibased ion ithe imainstream 

iobject idetection ihalfway ithrough i2014. iAlthough ithe imethods ipresented iare iall idifferent, 

iit ihas ibeen ishown ithat iin ifact imost ipapers ihave iconverged itowards ithe isame icrucial 

idesign ichoices. iAll ipipelines iare inow ifully iconvolutional, iwhich ibrings istructure 
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i(regularization), isimplicity, ispeed iand ielegance ito ithe idetectors. iThe ineed ito iuse imulti-

scale iinformation ifrom idifferent ilayers iof ithe iCNN iis inow iapparent. iBased ion ithis, imost 

iof ithe iresearch ibeing idone inow iin ithe imainstream iobject irecognition iconsists iof 

iinventing inew iways iof ipassing ithe iinformation ithrough ithe idifferent ilayers ior icoming iup 

iwith idifferent ikinds iof ilosses ior iparametrization. iBased ion ithese idevelopments, iwe 

ipresented iour iapproach iin ithe imainstream iobject idetection iin isatellite iimages iin ichapter 

i4 i. 
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Chapter i3: iDATASET 

 iIn ithe ifield iof iCNN iData iis ione iof ithe imain ichallenges iand imajor irequirements 

iin iorder ito iattain iconsiderable iresults. iLe iCun iet ial i[36] ifirst iproposed ithe iidea iof ithe 

iconventional ineural inetwork iin ithe ilate i1990s. iThe iproposed iCNN iand itoday’s iAlex iNet 

ihave ialmost ithe isame iarchitecture. iBut iit idid inot igain imuch ipopularity ibecause iof ilack 

iof idata iavailability ifor itraining iof ineural inetwork iin isolving ivision iproblems. iObviously 

iwith ipassage iof itime iand ithrough ithe iinternet iexplorations, ia ihuge iamount iof idata 

iexchange istarted iespecially ifor ithe ineural inetworks, iwhich ihelped icomputer iscientists iand 

iresearchers ito itrain itheir ineural inetworks ion ilarge iamount iof idata. iThe igathered idata 

iwas iwell iorganized iand iavailable iin ithe iform iof imanageable idatabases. iBecause iof ithe 

iavailability iof ilarge iamount iof idata ifor itraining, ithe iperformance iof ineural inetworks 

iincreased iand iultimately iit ireduced ithe ierror irate iby ia inoticeable iamount. iDespite iof iall 

ithe irevolutions iin itechnology imainly iin icomputer ivision iand iCNN iwe iare istill ifar iaway 

ifrom imaking ia ivision isystem i ito ibe iintelligent iand iresponsible i ienough ias ia ihuman 

ibeing iin iorder ito iunderstand ia iscene iand i irecognition i& idetection iof iparticular itargets 

iin iimages. i 

Due ito irecent iadvances iand iinnovations iin ithe ifield iof iComputer iVision iand ifor 

ithe ihigh idemands iof iEarth iVision iapplications ia ilot istudies iand iwork ihave ibeen idone 

iin iorder ito irecognize i& idetect itargets iin iaerial iimages. iBut imost iof ithese istudies iattempt 

ito itransfer ithe iknowledge iand itechniques iespecially ithe ialgorithms iused ifor idetection iof 

itargets iin inatural iscene/imagery ito ithe iaerial iimage idomain. iMost iof ithe iEarth iVision 

iresearchers ihave iused ithe iapproaches ibased ion ifine-tuning ithe inetworks ithat iare ialready 

ipre-trained ion ilarge-scale iimage idatasets i(e.g., iImageNet iand iMSCOCO) ifor idetection iof 

irequired itargets iin ithe iaerial idomain ibecause iof ithe i isuccesses iof ideep ilearning-based 

ialgorithms ifor itarget idetection i[40]. iSo isuch iapproaches ibased ion ipre itraining iand ifine-

tuning iare ia ireasonable iavenue ito iexplore iespecially iin ithe icase iof iSatellite/Aerial 

iimagery. 

Most iof ithe istudies iparticularly ibased ion iimage isegmentation iand iclassification 

ireveals ithat ithe imethod iused ifor idetection iand iclassification iof itargets iin isatellite/ iaerial 
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iimagery iis imuch idistinguished ifrom ithe iconventional imethods iof itarget irecognition i& 

idetection iin inatural iimagery iin ithe ifollowing irespects: 

In isatellite/aerial iimagery ithe iscale ivariations iof iobject iinstances iare ihuge ias 

icompared ito inatural iimagery. iThe imain ireason ibehind iit iis ithe ivariation iin iboth ithe 

ispatial iresolutions iof isensors iand ialso iin ithe isize iinside ithe isame itarget icategory. 

In iaerial iimages ithere iare ia ilot iof itarget iinstances iespecially iof ismall isize itarget 

iinstances, ilike, ithe iships iand ithe ivehicles iin isatellite iimages. iMoreover, itarget iinstances 

iin iaerial iimages ihave iunbalanced i ifrequencies i, ifor iexample, iit iis ipossible ithat isome 

ismall-size ie.g. i800X800 iimages icontain ithousand iplus iinstances, iwhile isome ilarge-size 

iimages ilike isize iof i3000X3000 imay icontain ionly ia ihand ifull iof ismall iinstances. iThis iis 

imore ilikely iunbalances itarget iinstances idistribution iin isatellite/aerial iimagery i[40]. 

The iorientations iof iTargets iin isatellite/aerial iimages iare ioften iarbitrary iand ithere 

iare isome iexamples iin iwhich itarget iinstances ihave iextremely ilarge iaspect iratio, isuch ias 

ia ibridges iand iroads ietc. 

3.1 Brief iDescription iof iDatasets 

3.1.1 DOTA i[40] 

To iadvance ithe iresearch ifor irecognize iand idetect itargets iin iaerial iimages, iEarth 

iVision iintroduces ia ilarge-scale i“Dataset ifor iObject idetection iin iAerial iimages i(DOTA)” 

i[40] i iconstructed iby iGui-Song iXia, iXiang iBai, iJian iDing, iZhen iZhu, iSerge 

iBelongie,Jiebo iLuo, iMihai iDatcu, iMarcello iPelillo, iLiangpei iZhang. iThis idataset icontains 

iabout i2806 iaerial iimages iare icollected ifrom idifferent isensors iand iregions iwith 

icrowdsourcing. iEach iimage icontains itargets iof idifferent iscales, iorientations iand ishapes iis 

iof ithe isize iabout i4000 iX i8000 ipixels. iThe iannotation iis idone iby iexperts iin iaerial iimage 

iunderstanding iand iinterpretation, iaccording ito i15 icommon iobject icategories. iThis 

iannotated idataset ihas itotal iof i188,282 iinstances, ieach iof iwhich iis ilabeled iby ian ioriented 

ibounding ibox. 
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Figure i3.1: iSample iImages iof iDOTA iDataset 

 i3.1.2 i i iNWPU iVHR-10 i[41] i 

NWPU iVHR_10 iis ianother idataset idata iand icontain ivery-high-resolution i(VHR) 

iremote isensing iimages idataset iwas iconstructed iby iDr. iGong iCheng iet ial. ifrom 

iNorthwestern iPoly itechnical iUniversity i(NWPU).This iis ibasically ia iten icategorical 

igeospatial iobject idetection idataset iused ifor iresearch ipurposes ionly. iActually ithis idataset 

iis isubset iof ia idataset ithat ihas i45 icategories. iIn ithis idataset ithere iare itotally i800 iVHR 

iremote isensing iimages, i iand icontain itwo imain ifolders ifirst ione iis i"negative iimage iset" 

iincludes i150 iimages ithat ido inot icontain iany itargets iof ithe igiven iclasses iand ithe isecond 

ione iis i i i"positive iimage iset" iincludes i650 iimages iwith ieach iimage icontaining iat ileast 

ione itarget ito ibe idetected. iThese iimages iwere icropped ifrom iGoogle iEarth iand iVaihingen 

idata iset iand ithen imanually iannotated iby iexperts. iThe ifolder i"ground itruth" icontains i650 

iseparate itext ifiles iand ieach ione icorresponds ito ian iimage iin i"positive iimage iset" ifolder. 

iEach iline iof ithose itext ifiles idefines ia iground itruth ibounding i.The i650 iimages icontain 

iinstances iof ieach icategory ilike i302 iinstances iof iships, i477 ivehicles iinstances, i124 

iinstances iof ibridges, i224 iharbors iinstances, i163 iground itrack ifields iinstances, i390 

iinstances iof ibaseball idiamonds, i524 itennis icourts iinstances, i159 iinstances iof ibasketball 

icourts, i655 istorage itanks iinstances, iand ifinally i757 iinstances iof iairplanes. 
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Figure i3.2: iSample iImages iof iNWPU_10 iDataset 

Despite iof ithese idistinct ifeatures iand idifficulties iof isatellite iand iaerial iimages ia 

ilot iof iefforts ihave ibeen iput ito imake itarget irecognition iand idetection iin iaerial iimagery 

ieasier. iSo ithere iare ia ilot iof idatasets iof isatellite/aerial iimages iare inow iavailable ifor 

irecognition iand idetection iof iparticular itargets iin iEarth iVision iwith ithe igood idegree iof 

igeneralizability iacross idatasets. iIn iorder ito iaccomplish ithe itask iof iautomatic itarget 

irecognition iand idetection iin iaerial iimages iwe iconsider itwo idatasets iand itheir icomparison 

iis ishown iin ifollowing itable. 

Table i3.1: iComparison iof iDatasets 

S.NO Data iSet Object 

iCategory 

 

Image 

iSize 

Annotation Aim iof i 

iDataset 

1 DOTA: 

iA iLarge-

scale 

iDataset 

ifor 

1:Plane 

2:Ship i 

3:Storage itank 

4000 i 

X i i 

4000 

To 

8000 i 

Annotations iare igiven 

iin ithe iform iof ia itext 

ifile ias ishown ibelow: 

'image isource’: iimage 

isource'gsd':gsd 

classification 

itask iand 

iscene 

irecognition 

itask 
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iObject 

iDetection 

iin iAerial 

iImages 

 

4:Baseball 

idiamond 

i5:Tennis icourt 

6:Basketball 

icourt 

7:Ground itrack 

ifield i 

8:Harbor 

i9:Bridge 

10:Large 

ivehicle 

11:Small 

ivehicle 

i12:Helicopter 

i13:Roundabout 

14:Soccerball 

ifield 

i15:Swimming 

ipool 

X 

8000 

x1, iy1, ix2, iy2, ix3, iy3, 

ix4, iy4, icategory, 

idifficult 

x1, iy1, ix2, iy2, ix3, iy3, 

ix4, iy4, icategory, 

idifficult 

...   

 where i(xi, iyi) 

idenotes ithe ipositions 

iof ithe ioriented 

ibounding iboxes' 

ivertices iin ithe iimage, 

iand imeanwhile ia 

idifficult ilabel iis 

iprovided iwhich 

iindicates iwhether ithe 

iinstance iis idifficult ito 

ibe idetected(1 ifor 

idifficult, i0 ifor inot 

idifficult) 

 

 

 

 

2 NWPU 

iVHR-10 

idataset 

1.ship 

2. ivehicle 

3.bridge i 

4.harbor 

i5.ground itrack 

ifield 

from i 

533×597 

 ito i 

1728×1028 

text ifiles idefines ia 

iground itruth ibounding 

ibox ilike: i(x1,y1) 

,(x2,y2),a 

where i(x1,y1) idenotes 

ithe itop-left icoordinate 

iof ithe ibounding ibox, 

The imain 

igoal iof ithis 

idataset iis 

iresearch iin 

iremote 

isensing 

iimage iscene 



44 
 

6. ibaseball 

idiamond is 

7.tennis icourt 

i8.basketball 

icourt 

9.storage itank 

10.airplane 

i(x2,y2) idenotes ithe 

iright-bottom icoordinate 

iof ithe ibounding ibox, 

iand ia iis ithe iobject 

iclass. 

iunderstanding 

iand 

iclassification. 

3.1.3 DOTA iVS iNWPU 

In ithe ifollowing iFigure, iwe icompare ithe icategories iof iDOTA iwith iNWPU iVHR-

10, iwhich ihas ithe ilargest inumber iof icategories iin iprevious iaerial iobject idetection idatasets. 

iNote ithat iDOTA isurpass iNWPU iVHR-10 inot ionly iin icategory inumbers, ibut ialso ithe 

inumber iof iinstances iper icategory. 

 

Figure i3.3: iDOTA iVS iNWPU i[40] 

 

Table i3.2: iList iof ipapers ibased ion ithese idatasets: 

S. 

iNo. 

Author Year Technique Data iset Reported 

iresults imap 
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1 Gui-Song iXia1 i, 

iXiang iBai 

May i21, 

i2019 

YOLOv2 

Faster iR-

CNN 

Dota i(A 

iLarge-scale 

iDataset ifor 

iObject 

iDetection iin 

iAerial 

iImages) 

39.2 i% 

 i60.46 i% 

2 Li iZhuo January i18, 

i2018 

 iCNN 

(Google iNet 

iFine-tuning) 

i 

Vehicle 

iDataset 

(13,700 i 

iAerial 

iimages) 

 i i98.6% 

3 Xiaobing iHan i,Yanfei 

iZhong 

June i28,2017 Faster iR-

CNN 

NWPU(North 

iWestern 

iPolytechnic 

iUniversity) 

iDataset 

85% 

 

 

This iis ithe ilist iof ipapers ibased ion ithe itwo idatasets iand idifferent iCNN ialgorithm 

iresults. iBased ion ithese ipapers iwe ievaluated iour iproposed iframework ion iDOTA idataset, 

iwhich icontains i2806 iaerial iimages iwith ipre-divided i1411 itraining iimages, i458 ivalidation 

iimages iand i937 itesting iimages. iThose iDOTA iimages iare iobtained ifrom idifferent isensors 

iand iplatforms iwith icrowdsourcing iand ithe isize iranges ifrom i800 i_ i800 ito i4000 i_ i4000 

ipixels. iDOTA iconsists iof i15 icommon icategories, inamely, iplane, iship, istorage itank, 

ibaseball idiamond, itennis icourt, ibasketball icourt, iground itrack ifield, iharbor, ibridge, ilarge 

ivehicle, ismall ivehicle, ihelicopter, iroundabout, isoccer iball ifield iand iswimming ipool. iThe 

ifully iannotated iDOTA idataset icontains i188,282 iinstances, ieach iof iwhich iis ilabeled iby 

ian ioriented iquadrilateral iinstead iof ian iaxis-aligned ione, iwhich iis itypically iused ifor iobject 

iannotation iin inatural iscene iimages. iAnother icommon igeospatial iobject idetection idataset 

iis iNWPU iVHR-10 i[44], iwhich icontains i800 iimages iin i10 icategories iwith ia itotal iof 

i3651 iinstances. iThe iaverage isize iof iNWPU iVHR-10 iis i1000 i_ i1000 ipixels. iCompared 
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iwith iNWPU, iDOTA iis ia ilarger iannotated idataset ifor imulti-class igeospatial iobject 

idetection, iwhich ihas imore icomplex ibackgrounds, ilarger iimage isize iand idenser iobject 

idistribution ithus imore ireflective iof ithe ireal-world iapplications. iTherefore, ithe ievaluation 

ion iDOTA ican ibetter iverify ithe ieffectiveness iand irobustness iof iour iproposed inetwork. 
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Chapter i4: iPROPOSED iMETHODOLOGY 

 i iThis ichapter iincludes ithe iproposed iarchitecture iand iall ithe ibaseline imethods 

iwhich iare iused ifor idetection iin iaerial iimages iespecially iDOTA idataset. iOur iproposed 

imethodology iconsists iof ithree imain imodules. iThe ifirst imodule iis ia idataset iacquisition 

imodule iin iwhich iwe ichange ithe igiven idataset iaccording ito iour imodel irespectively. 

iSecond imodule iis ibasically itraining iof ithe imodel. iFrom ithis imodule ia ifinal itrained 

imodel iis iobtained iwhich iis ithen iused ito itest ithe iimages iin ithe inext imodule. iThis imodule 

itakes ithe iinput iimage iand idetect ithe iobjects iwith iin iit iand iclassify ithe idetected iobjects 

ias ione iof ithe i15 icategories. iThese ithree imodels iare iexplained iin idetail ibelow. iFigure 

i4.1 ishows ithe iflow idiagram iof iour iproposed itechnique iwhich iclearly ishows iall ithe ithree 

iblocks iof ithe imodel iand ihow imodel iis itrained iand ithen iused ifor iclassify iand ilocalize 

ithe iobjects. iThe isections ibelow idiscuss ithe ithree imodules iof ithe iproposed itechnique iin 

idetail. 

 

 

Figure i4.1: iFlow iChart iof iproposed itechnique 

4.1 Object iDetection 

Beside isimple iimage iclassification, ithere’s ino ishortage iof ifascinating iproblems iin 

icomputer ivision, iwith iobject idetection ibeing ione iof ithe imost iinteresting. iMost icommonly 

iit’s iassociated iwith iself-driving icars iwhere isystems iblend icomputer ivision, iLIDAR iand 

iother itechnologies ito igenerate ia imultidimensional irepresentation iof iroad iwith iall iits 
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iparticipants. iOn ithe iother ihand iobject idetection iis iused iin ivideo isurveillance, iespecially 

iin icrowd imonitoring ito iprevent iterrorist iattacks, icount ipeople ifor igeneral istatistics ior 

ianalyze icustomer iexperience iwith iwalking ipaths iwithin ishopping icenters. 

In ithis itask iwe’ve igot ian iimage iand iwe iwant ito iassign iit ito ione iof imany 

idifferent icategories i(e.g. icar, iplane, iship, ibridge), iso ibasically iwe iwant ito ianswer ithe 

iquestion i“What iis iin ithis ipicture?” iNote ithat ione iimage ihas ionly ione icategory iassigned 

ito iit. iAfter icompleting ithis itask iwe ido isomething imore idifficult iand itry ito ilocate iour 

iobject iin ithe iimage, iso iour iquestion ichanges ito i“What iis iit iand iwhere iit iis?” iThis itask 

iis icalled iobject ilocalization. iSo ifar iso igood, ibut iin ia ireal-life iscenario, iwe iwon’t ibe 

iinterested iin ilocating ionly ione iobject ibut irather imultiple iobjects iin ione iimage i[43]. iFor 

iexample ilet’s ithink iof ia iself-driving icar, ithat iin ithe ireal-time ivideo istream ihas ito ifind 

ithe ilocation iof iother icars, itraffic ilights, isigns, ihumans iand ithen ihaving ithis iinformation 

itake iappropriate iaction. iIt’s ia igreat iexample iof iobject idetection. iIn iobject idetection itasks 

iwe iare iinterested iin ifinding iall iobject iin ithe iimage iand idrawing iso-called ibounding 

iboxes iaround ithem. iThere iare ialso isome isituations iwhere iwe iwant ito ifind iexact 

iboundaries iof iour iobjects iin ithe iprocess icalled iinstance isegmentation, ibut ithis iis ia itopic 

ifor ianother ipost. 

 

 

Figure i4.2: iObject iDetection i[43] 



49 
 

4.2 YOLO iAlgorithm 

There iare ia ifew idifferent ialgorithms ifor iobject idetection iand ithey ican ibe isplit iinto 

itwo igroups: 

Algorithms ibased ion iclassification i– ithey iwork iin itwo istages. iIn ithe ifirst istep, 

iwe’re iselecting ifrom ithe iimage iinteresting iregions. iThen iwe’re iclassifying ithose iregions 

iusing iconvolutional ineural inetworks. iThis isolution icould ibe ivery islow ibecause iwe ihave 

ito irun iprediction ifor ievery iselected iregion. iMost iknown iexample iof ithis itype iof 

ialgorithms iis ithe iRegion-based iconvolutional ineural inetwork i(RCNN) iand itheir icousins 

iFast-RCNN iand iFaster-RCNN i[44]. 

Algorithms ibased ion iregression i– iinstead iof iselecting iinteresting iparts iof ian iimage, 

iwe’re ipredicting iclasses iand ibounding iboxes ifor ithe iwhole iimage iin ione irun iof ithe 

ialgorithm. iMost iknown iexample iof ithis itype iof ialgorithms iis iYOLO i(You ionly ilook 

ionce) icommonly iused ifor ireal-time iobject idetection. 

Before iwe igo iinto iYOLOs idetails iwe ihave ito iknow iwhat iwe iare igoing ito ipredict. 

iOur itask iis ito ipredict ia iclass iof ian iobject iand ithe ibounding ibox ispecifying iobject 

ilocation. iEach ibounding ibox ican ibe idescribed iusing ifour idescriptors: 

 Center iof ia ibounding ibox i(bx iby) 

 Width i(bw) 

 Height i(bh) 

 Value ic iis icorresponding ito ia iclass iof ian iobject i(i.e. ivehicle, iplane 

ietc…). 

We’ve igot ialso ione imore ipredicted ivalue ipc iwhich iis ia iprobability ithat ithere iis 

ian iobject iin ithe ibounding ibox, iwe ineed ithis ibecause. 
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Figure i4.3: iYOLO ibounding ibox 

 

Like imentioned ibefore iwith iYOLO ialgorithm iwe’re inot isearching ifor iinterested 

iregions ion iour iimage ithat icould icontain isome iobject. iInstead iof ithat iwe iare isplitting iour 

iimage iinto icells, itypically iits i19×19 igrid. iEach icell iwill ibe iresponsible ifor ipredicting i5 

ibounding iboxes i(in icase ithere’s imore ithan ione iobject iin ithis icell). iThis iwill igive ius 

i1805 ibounding iboxes ifor ian iimage iand ithat’s ia ireally ibig inumber! 
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Figure i4.4: iYolo iAlgorithm 

 

Majority iof ithose icells iand iboxes iwon’t ihave ian iobject iinside iand ithis iis ithe 

ireason iwhy iwe ineed ito ipredict ipc. iIn ithe inext istep, iwe’re iremoving iboxes iwith ilow 

iobject iprobability iand ibounding iboxes iwith ithe ihighest ishared iarea iin ithe iprocess icalled 

inon-max isuppression. 
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Figure i4.5: iYOLO iNon-Max iSuppression 

 

4.3 Different iVersion iof iYOLO i 

4.3.1 YOLO iv1 iArchitecture 

 

 

Figure i4.6: iYolo iv1 iarchitecture i[44] 

 

It iuses ithe iDarknet iframework itrained ion ithe idataset iof iImageNet-1000. iThis 

iworks ias imentioned iabove, ibut ibecause iof ithis, ithe iuse iof ithe iYOL iv1 iis ilimited. iSmall 

iobjects icould inot ibe ifound iif ithey iappeared ias ia icluster. iThis iarchitecture ifound iit 
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idifficult ito igeneralize iobjects iwhen ithe iimage iis idifferent ifrom ithe itrained iimage iin iother 

idimensions. iThe imain iissue iis ito ilocate iobjects iin ithe iimage iof ithe iinput i[8]. 

Problem iwith iYOLO iv1 

 

 

Figure i4.7: iThe ipicture iabove ishows ithat iYOLO iVersion1 iis ilimited iby iobject iproximity. iYOLO 

ionly isenses ifive iSanta's, ibut i9 iSanta's ifrom ithe ilower ileft icorner i[41] 

 

4.3.2 YOLO iv2 

At ithe iend iof i2016, iJoseph iRedmon iand iAli iFarhadi ireleased ithe isecond iYOLO 

irelease, icalled iYOLO9000. iMore iquickly iand igradually, ithe inew iFASTER iR-CNN iupdate 

iinvolves ian iobject isensing ialgorithm ithat iuses ia iRegional iProposal iNetwork ito iidentify 

ithe iimage iinput iobjects i[45] iand iSSD i(single ishot imulti ibox idetector). 

YOLO iupdates iv2 ito ithe iYOLO istandard ibatch: inormalizes ithe ioutput ilayer iwith 

ithe iactivations ichanged iand islightly iscaled. iBatch istandard ireduces iunit icosts ifor ithe 

ihidden ilayer iand iimproves ithe istability iof ithe ineural inetwork. iAdding ithe ibatch iof 

istandardization. 
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YOLO iupdates ito ithe iYOLO iv2: 

 Batch iNormalization: iIt inormalizes iinput ilayer iby islightly imodifying iand iscaling 

iactivations. iUnit ivalue ishifts ifor ithe ihidden ilayer iwere iavoided iby ibatch 

istandardization iand ineural inetwork iconsistency ithus iimproved. iIncreased iMAP 

i(mean-avg-precision) i iwith i2 ipercent ibatch-standardization iin iarchitecture. iIt ihas 

ialso ihelped ito iregularize iand iupdate ithe iprogram. 

 Higher iResolution iClassifier: iYolov2 iincreased iinput isize ifrom i224 i* i224 iin 

iYOLO iv2 ito i448 i* i448. iThe irise iin iimage ioutput ihas iimproved iup ito i4% ion ithe 

iMAP i(mean iaverage iaccuracy). iThe irise iin ioutput isize iis iused iduring ithe 

iImageNet idatabase ipractice iof ithe iYOLO iv2 iarchitecture iDarkNet i19 i. 

 Anchor iBoxes: iThe iintroduction iof ithe ianchor iboxes iis ione iof ithe imost inotable 

ichanges ithat imay ibe iseen iin iYOLO iv2. iIn ione isingle iframework, iYOLO iv2 

iclassifies iand ipredicts. iThe ianchor iboxes iare idesigned iwith iclustering i(k-means 

iclustering) ito ipredict ibounding iboxes iand ithis ianchor iboxes iis idesigned ifor ia 

ispecific iset iof idata i[44]. 

 Fine-Grained iFeatures: iThe iidentification iof ismaller iobjects ion ithe iimage iis ione 

iof ithe ikey iissues ito ibe iaddressed iin ithe iyolo iv1. iThis iis idecided iin ithe iYOLO 

iv2 iand ithe iimage iis idivided iinto i13* i13 igrid icells, iwhich iis iless ithan ithe 

iprevious iversion. iIt ihelps ithe iyolo iv2 ito irecognize ior ilocate ithe ismaller iobjects 

iin ithe ipicture ias iwell ias ithe ilarger iones. i 

 Multi-Scale iTraining: iIn iYOLO iv1 ithere iare ilimitations iin idetecting iobjects iof 

idifferent iinput isizes ithat isuggest ithat iYOOLO ihas itrouble idetecting ithe isame 

iobject iin ia ilarger iimage iwhen iequipped iwith ismall iimages iof ia icertain iobject. 

iThis iis ilargely isolved iin iYOLO iv2 iand iis itrained iwith irandom ipictures iranging 

ifrom i320* i320 ito i608* i608[5] iin idifferent idimensions. iIt iallows ithe inetwork ito 

ireliably ilearn iand ipredict ithe iimages ifrom ivarious iinput idimensions. 

 Darknet i19: iYOLO iv2 iuses iDarknet19 iarchitecture ifor iclassifying iobjects iwith i19 

iconvolutional ilayers iand i5 imax ipooling ilayers. iThe iDarknet i19's iarchitecture iwas 

idisplayed ibelow. iDarknet iis ia iClanguage iand iCUDA ineural inetwork isystem. iVery 

iquickly iit's ivery iimportant iin iobject idetection ifor ireal itime iprediction. i 
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Figure i4.8: iDark inet i19 iarchitecture i[45] 

 

Progresses iare ibetter, ifaster iand istronger iin iseveral icategories iin iYOLO iv2 ias 

istated iin[ i45]. iThe inetwork inow iidentifies iand iclassifies iobjects iof ivarious iconfigurations 

iand imeasurements iwith iMulti-Scale iLearning. iThe iidentification iof ismaller iobjects iwith 

ifar ibetter iaccuracy ithan iits ipredecessor iversion iwas isignificantly iimproved iby iYOLO iv2. 

4.3.3 YOLO iv3 

The iprevious iversion ihas ibeen iimproved ifor ian iincremental iimprovement iwhich iis 

inow icalled iYOLO iv3. iAs imany iobject idetection ialgorithms iare ibeen ithere ifor ia iwhile 

inow ithe icompetition iis iall iabout ihow iaccurate iand iquickly iobjects iare idetected. iYOLO 

iv3 ihas iall iwe ineed ifor iobject idetection iin ireal-time iwith iaccurately iand iclassifying ithe 

iobjects. iThe iauthors inamed ithis ias ian iincremental iimprovement i[44]. 

Here iwe iwill ihave ilook iwhat iare ithe iso icalled iIncremental iimprovements iin 

iYOLO iv3. i 
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The iAlgorithm 

 

Figure i4.9: iYOLOv3 iAlgorithm 

 

 Darknet-53: ithe ipredecessor iYOLO iv2 iused iDarknet-19 ias ifeature iextractor iand 

iYOLO iv3 iuses ithe iDarknet-53 inetwork ifor ifeature iextractor iwhich ihas i53 

iconvolutional ilayers. iIt iis imuch ideeper ithan ithe iYOL iv2 iand ialso ihad ishortcut 

iconnections. i[6]. iDarknet-53 icomposes iof ithe imainly iwith i3x3 iand i1x1 ifilters iwith 

ishortcut iconnections. i 

 

Figure i4.10: iDarknet-53 i[46] 
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Object idetection idecreases ithe ihuman iresources iin imany iareas. iObject idetection iin 

ireal-time iand ireliably iis ione iof ithe imain irequirements iin ithe iworld iwhere iself-driving 

icars iare ibecoming ia ireality. iThe iobject idetection ialgorithms ilike iYOLO iv3, ifaster iR-

CNN, iSSD iand imany ihave ia iwide ivariety iof iimprovements. iMinimal iimprovements ican 

ichange ithe iwhole iperception iof ithese ialgorithms iwithin ithe ireal iworld. 

First, iduring itraining, iYOLOv3 inetwork iis ifed iwith iinput iimages ito ipredict i3D 

itensors i(which iis ithe ilast ifeature imap) icorresponding ito i3 iscales, ias ishown iin ithe imiddle 

ione iin ithe iabove idiagram. iThe ithree iscales iare idesigned ifor idetecting iobjects iwith 

ivarious isizes. iHere iwe itake ithe iscale i13x13 ias ian iexample. iFor ithis iscale, ithe iinput 

iimage iis idivided iinto i13x13 igrid icells, ieach igrid icell icorresponds ito ia i1x1x255 ivoxel 

iinside ia i3D itensor. iHere, i255 icomes ifrom i(3x i(4+1+15)). iValues iin ia i3D itensor isuch 

ias ibounding ibox icoordinate, iabjectness iscore iand iclass iconfidence iare ishown ion ithe iright 

iof ithe idiagram. 

 

Figure i4.11: iYOLO iV3 iBBOX 
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Second, iif ithe icenter iof ithe iobjects iground itruth ibounding ibox ifalls iin ia icertain 

igrid icell i(i.e. ithe ired ione ion ithe itennis icourt iimage), ithis igrid icell iis iresponsible ifor 

ipredicting ithe iobject's ibounding ibox. iThe icorresponding iabjectness iscore iis i"1" ifor ithis 

igrid icell iand i"0" ifor iothers. iFor ieach igrid icell, iit iis iassigned iwith i3 iprior iboxes iof 

idifferent isizes. iWhat iit ilearns iduring itraining iis ito ichoose ithe iright ibox iand icalculate 

iprecise ioffset/coordinate. iBut ihow idoes ithe igrid icell iknow iwhich ibox ito ichoose? iThere 

iis ia irule ithat iit ionly ichooses ithe ibox ithat ioverlaps iground itruth ibounding ibox imost. i 

 iLastly, ihow ito ichoose ithe iinitial isize iof ithose i3 iprior iboxes? iWe iused iK-mean 

iclustering ito iclassify ithe itotal ibounding iboxes ifrom iCOCO idataset ito i9 iclusters ibefore 

itraining. iThis iresults iin i9 isizes ichosen ifrom i9 icluster, i3 ifor i3 iscales. iThis iprior 

iinformation iis ihelpful ifor ithe inetwork ito ilearn ito icompute ibox ioffset/coordinate iprecisely 

ibecause iintuitively, ibad ichoice iof ibox isize imake iit iand ilonger ifor ithe inetwork ito ilearn. 

i 

 

 The iNetwork iArchitecture: iYOLOv3's inetwork iarchitecture iis ia ifeature-learning 

ibased inetwork ithat iadopts i75 iconvolutional ilayers ias iits imost ipowerful itool. iNo ifully-

connected ilayer iis iused. iThis istructure imakes iit ipossible ito ideal iwith iimages iwith iany 

isizes. iAlso, ino ipooling ilayers iare iused. iInstead, ia iconvolutional ilayer iwith istride i2 

iis iused ito idown isample ithe ifeature imap, ipassing isize-invariant ifeature iforwardly. iIn 

iaddition, ia iResNet-alike istructure iand iFPN-alike istructure iis ialso ia ikey ito iits 

iaccuracy iimprovement. i 

 Scales: ihandling iobjects iof idifferent isizes: iThere iare iobjects iof idifferent isizes ion 

ithe iimages. iSome iare ibig iand isome iare ismall. iIt iis idesirable ifor ithe inetwork ito 

idetect iall iof ithem. iTherefore, ithe inetwork ineeds ito ibe icapable iof i"seeing" iobjects 

ithat iare iof idifferent isizes. iAs ithe inetwork igoes ideeper, iits ifeature imap igets ismaller. 

iThat iis ito isay, ithe ideeper iit igoes, ithe iharder iit iis ito idetect ismaller iobjects. 

iIntuitively, iit iis ibetter ito idetect ithe iobjects iat idifferent ifeature imaps ibefore ismall 

iobjects iend iup idisappearing. iAs iin iSSD, iobject idetection iis icarried iout ion idifferent 

ifeatures imaps iin iorder icatch ivarious iscales. i 

However, ithe ifeatures iare inot iabsolutely irelevant iat idifferent idepth. iWhat idoes ithis 

imean? iWell, iwith inetwork idepth iincreasing, ithe ifeatures ichange ifrom ilow-level ifeatures 
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i(edges, icolors, irough i2D ipositions. ietc) ito ihigh-level ifeatures i(semantic-meaningful 

iinformation: idog, icat, icar. ietc) iwith idepth iincreasing. iSo imaking ipredictions ion ifeature 

imaps iat idifferent idepth idoes isound iit iis iable ito ido idetection ifor imulti-scale iobjects, ibut 

iactually iit iis inot ias iaccurate ias iexpected. i 

In iYOLOv3, ithis iis iimproved iby iadopting ian iFPN-like istructure. 

 

Figure i4.12: iMulti-scale iFeature iLearning iIllustration i[46] 

 

As ishown ion ithe iabove iillustration, ithere iare i4 ibasic istructure ifor imulti-scale 

ifeature ilearning. i 

The imost istraightforward ione. iConstruct ian iimage ipyramid iand iinput ieach ipyramid 

ilevel ito iindividual inetwork ispecially idesigned ifor iits iscale. iAs ia iresult, iit iis islow 

ibecause ieach ilevel ineeds iits iown inetwork ior iprocess. i 

The iprediction iis idone iat ithe iend iof ithe ifeature imap. iThis istructure icannot ihandle 

imultiple iscales. i 

The iprediction iis idone ion ifeature imaps iat idifferent idepth. iThis iis iadopted iby iSSD. 

iThe iprediction iis idone iby iusing ithe ifeatures ilearned iso ifar iand ifurther ifeatures iat ideeper 

ilayers icannot ibe iutilized. i 

Similar ito i(c) ibut ifurther ifeatures iare iutilized iby iup isampling ithe ifeature imap iand 

imerged iwith icurrent ifeature imap. iThis iis ifascinating ibecause iit ilet icurrent ifeature imap 
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ito isee iits ifeatures iin i"future" ilayers iand iutilize iboth ito ido iaccurate iprediction. iWith ithis 

itechnique, ithe inetwork iis imore icapable ito icapture ithe iobject's iinformation, iboth ilow-level 

iand ihigh-level. i 

In iYOLOv3, ithere iare i3 iscales iused iin i(d) iform. iThis ihelps idetect ismall iobjects 

ieffectively. iAs ishown iin ithe ifigure ibelow, ismall icars iand ipeople ican ibe idetected 

isuccessfully. i 

 Prediction iacross idifferent iscales 

 YOLO iv3 imakes i3 idifferent iscales iprediction. iThe idetection ilayer iis iused ito idetect 

ifeature imaps iwith istages i32, i16, i8 iand ithree idifferent isizes. iWe itherefore idetect 

iscales i13 ix i13, i26 ix i26 iand i52 ix i52 iwith ian iinput iof i416 ix i416. 

 The inetwork isamples ithe iimage iinput ito ithe ifirst idetector ilayer iwhen ia idetection 

iis iperformed iusing ilayer icharts iwith iphase i32. iIn iaddition, ilayers iare isampled iwith 

ia ifactor iof i2 iand iare icombined iwith ithe icharacteristics iof iprevious ilayers iwith 

iidentical imap isizes. iAnother ilayer idetection iwith istep i16 iis inow imade. iThis 

iperforms ithe isame iup isampling iprocess iand imakes ithe ifinal idetection ion istage i8. 

 Each icell iforecasts i3 iborder iboxes ion i3 ianchors iat ieach ilevel, imaking ithe itotal 

inumber iof ianchors iused i9. i(For idifferent iscales ithe ianchors iare iidentical) 

Figure i4.13: iPrediction iacross iDifferent iScales 
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This ihelps ito idetect ismall iobjects, ia icommon icomplaint iabout iprevious iYOLO iversions. 

iThe isampling iof ismaller iobjects ican ihelp ithe inetwork ilearn ifrom ifine igrain ifeatures. 

 ResNet-alike istructure: ia ibetter iway ito igrasp igood ifeatures 

In iYOLOv3, ia iResNet-alike istructure i(called iResidual iBlocks iin ithe iYOLOv3 

iArchitecture iDiagram) iis iused ifor ifeature ilearning. iBasically ia iResidual iBlock iconsists 

iof iseveral iconvolutional ilayers iand ishortcut ipaths. iAn iexample iof ia ishortcut ipath iis 

iillustrated ibelow. i 

 

Figure i4.14: iDeep iResidual iLearning i[46] 

 

The icurved iarrow ion ithe iright irepresents ia ishortcut ipath. iWithout ithis, iit iis ia 

iclassic iCNN inetwork, iwhich ilearns ithe ifeature ione iby ianother. iAs ithe inetwork igoes 

ideeper, ithe iharder iit iis ito ilearn ithe ifeatures iwell. iIf iwe iadd ia ishortcut ias ishown iabove, 

ithe ilayers iinside ithe ishortcut ilearns iwhat ito iadd ito ithe iold ifeature iin iorder ito igenerate 

ibetter ifeature. iAs ia iresult, ia icomplex ifeature iH(x), iwhich iused ito ibe igenerated 

istandalone, iis inow imodeled ias iH(x)=F(x)+x, iwhere ix iis ithe iold ifeature icoming ifrom ithe 

ishortcut iand iF(x) iis ithe i"supplement" ior ithe i"residual" ito ilearn inow. iThis imakes iit ieasier 

ifor ithe inetwork ito ilearn ithe ifeatures istably, iespecially iin ivery ideep inetworks. iThis 

itechnique ichanges ithe igoal iof ilearning. iThus, iinstead iof ilearning ia icomplete icomplex 

ifeature, ithe inew igoal iis ito ilearn ithe isupplemental i"residual" ithat iis iused ito ibe iadded iup 

ito ithe iold ifeature, iwhich isimplified icomplexity ifor ilearning. i 

 No isoftmax ilayer: imulti-label iclassification 

Softmax ilayer iis ireplaced iby i1x1 iconvolutional ilayer iwith ilogistic ifunction. iBy iusing 

ia isoftmax, iwe ihave ito iassume ithat ieach ioutput ionly ibelong ito iexactly iONE iof ithe 
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iclasses. iBut iin isome idataset ior icases iwhere ithe ilabels iare isemantically isimilar i(i.e. 

iWoman iand iPerson), itraining iwith isoftmax imight inot ilet ithe inetwork igeneralize ithe 

idata idistribution iwell. iInstead, ia ilogistic ifunction iis iused ito icope iwith imulti-label 

iclassification. i 

4.3.4 Comparison ibetween iYOLO iV1, iV2 iand iV3 

Following itable igives ia iquick ioverview iof iabove itheory ithat iincludes ithe iarchitecture 

idetails, iworking istrategies, idrawbacks iand iimprovements ifrom iversion ito iversion iin iYOLO. 

Table i4.1: iComparison ibetween iall iversions iof iYOLO 

YOLO iV1 YOLO iV2 YOLO i iV3 

The ifirst iversion iof iyolo 

iconsists iof i itotal i i i26 

ilayers 

Compared iwith iYOLO iv1 iit 

ihas i30 ilayers. 

 iNo ifully iconnected ilayer 

iavailable 

Darknet i53. 

Neural inetwork iof i106 

ilayers 

24 iconv i iLayers ifollowed 

iby itwo ilayers 

 iwith ifull iconnection 

Batch iNormalization ilayers 

iafter i 

each iConv ilayer iare iincluded 

3scalar idetection ito i 

detect ismall ito ilarge 

iobjects 

 

 

Implementation iof ianchor 

iboxes. 

 iAnchor iboxes iare ipredefined 

iDarknet iboxes 

 ithat igive ithe inetwork ia isense 

iof ithe 

 irelative iposition iand 

idimensions i 

Of ithe iobjects ito ibe iidentified. 

i 

It imust ibe imeasured iwith ithe 

itrain iset. 

9 iboxes itaken ifrom 

ithe ianchor; 

 i3 iby isize. 

 iFurther iborder iboxes 

ithan i 

YOLO9000 i& 

iYOLOv1 i 

Are itherefore iplanned. 
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For itraining iimages ifrom i320 

ito i608 i 

random idimensions iare itaken 

Problem imulti-class 

iturned 

 iinto imulti-label 

 
Several ilabels ican, ibut istill ia 

imulticlass, i 

Be iprovided ifor ithe isame 

iobjects. 

Some iof ithe ierror i 

function i 

changes 

The imain iproblem iwith 

iYOLOv1 

 iis ithat iit iis i inot icapable iof 

irecognizing i 

very ismall iobjects 

Even ibad ifor ismall iobjects Really igreat iwith 

ismall i 

items 

 

Based ion iabove icomparison iwe iproposed iYOLOv3 inetwork ifor iour iresearch. 

iYOLOv3 iis ithe ithird iobject idetection ialgorithm iin iYOLO i(You iOnly iLook iOnce) ifamily. 

iIt iimproved ithe iaccuracy iwith imany itricks iand iis imore icapable iof idetecting ismall 

iobjects. iChapter i5, igives ia idetailed ioverview iof iour iexperiments iand iresults iin iwhich 

ifirstly, ithe iremote isensing iimage idata iset iof icomplex ibackground, imulti-scale itarget, 

imulti-objective, imulti-category iand idifferent iperspectives iare iconstructed iindependently, 

iwhich ilays ia ifoundation ifor ithe itraining iof ithe imodel. iThen ithe iYOLOv3 ialgorithm iis 

iimproved ifor ithe itarget icharacteristics iin ithe idata iset, iso ithat ithe imodel ican iextract imore 

ideep-separated ifeatures iof ithe itarget iand iplay ia ibetter itraining ieffect. iFinally, ithe 

ieffectiveness iand isignificance iof ithe ialgorithm iare iverified iby icomparison iwith iother 

ialgorithms. 
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Chapter i5: iEXPERIMENTS iAND iRESULTS 

In ithis ichapter, iwe ievaluate ithe iexperiment idone iand iits iresults ion iDOTA iand 

iNWPU_10 idata iset. iA ibrief ioverview iof iboth ithe idatasets iis igiven iand ithen ievaluation 

iparameters iare idiscussed. iResults iof ilocalization iand iclassification iare ishown iin ithe iform 

iof isome icurves. iThe iresults iof iare ialso idepicted iin ithe ivisual iimage iform. 

5.1 Dataset 

 DOTA: iA ilarge iscale idataset ifor idetection iin iSatellite iImages 

DOTA idata iis iacquired iby ithe iGoogle iEarth, isome iare itaken iby isatellite iJL-1, iand 

ithe iothers iare itaken iby isatellite iGF-2 iof ithe iChina iCentre ifor iResources iSatellite iData 

iand iApplication. iDifferent iimages iare itaken iin idifferent ilighting icondition ito iobserve ithe 

ieffect iof ilight ion ithe iscene iand ion ithe iobject idetection. iRecently ian iupdated iversion iof 

iDOTA ithat iis iDOTA-v1.5 iis ireleased iand iwe iare iusing ithe iupdated iversion iof iDOTA 

iin iour iexperiment. iFigure i5.1 ishows irandomly ichosen iimages ifrom iDOTA-v1.5 idata iset 

iand iit iground itruth ibounding ibox irepresentation. iDOTA-v1.5 iconsists iof itotal i2806 iaerial 

iimage ithat iare ifully iannotated iwith i16 icategories iand icontain ialmost i188, i282 iinstances. 

iThe isize iof ievery iimage iis i4000x4000. iThe idataset iis idivided iinto i1411 itraining iimages, 

i560 iimages iand irest iof ialmost i900 iimages ifor itesting i[41]. 

 

 

Figure i5.1: iDOTA-v1.5: iA ilarge iscale idataset ifor iobject idetection iin iSatellite iImages i[41] 

 

NWPU_10 iVHR idataset 
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Apart ifrom iDOTA-v1.5 idata, iwe iused ianother isatellite iimages idataset iwhich 

iconsisted iof itotal i800 ivery-high-resolution isatellite iimages. iFrom i800 iimages, i650 iare 

ipositive iimage iset ithat icontain i10 isame icategories ias ithat iof iDOTA-v1.5 iand irest i150 

iare inegative iimage iset. iFigure i5.2 ishows isome irandom iimages ifrom ithe inwpu_10 

idataset. 

 

 

Figure i5.2: iSample iImages ifrom iNWPU_10 iDataset i[42] 

 

5.2 Localization iand iclassification i i 

The ibasic ipurpose iof idetection iis ito ilocalize iand iclassify iall ithe iinstances iof i16 

icategories ifrom iinput iimages. iDarknet-53 iwith iadditional i53 ilayers iis iused ias ibase 

inetwork ito iextract ifeatures imaps. iThe ireason ibehind ichoosing iDark inet iover iother iCNN 
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iarchitectures iwas ithat iit iis imost ispeedy iCNN iarchitecture iwith icomparative iaccuracy. 

iThere iare itwo itypes iof iblocks iin ideeper imodels, ione iis iplain iblock iand ithe iother iis 

iresidual iblock. iPlain iblocks imaps iinput, iX idirectly ito ithe iH i(x) iby ipassing ithrough isome 

istacked ilayers. iResidual iblocks iuse iresidual imapping iof iF(x) i= iH(x) i– ix, iinstead iof 

idirect imapping ito iH(x) iwe itry iand ilearn isome ifunction iF(x) ithat ineeds ito ibe iadded iin 

ix ito iget iH(x). iIn ithis iway iwe ican ifind iH i(x) iindirectly. iA iskip iconnection iis ibuilt ifrom 

ix ito ibe iadded ito inext iblock ihaving ithe iresidual icontent iincluding iweight ilayers. iIf ino 

iweight ilayer iis iused iin ithe inetwork, ithen iskip iconnection iacts ias ian iidentity, ibut iwhen 

iweights iare iincluded, ithen ilearned iweights iare iadded iin ithe inext iblock. iDarknet-53 iis 

icomposed iof iresidual iblocks istacked ion itop iof ieach iother. 

To imeasure ithe iefficiency iof iour iexperiment iwe iare iusing ithree iloss iparameters. 

iThese iparameters iare iused ito icalculate ithree idifferent itypes iof ilosses iduring ithe itraining 

iof ialgorithm. iThe iloss iparameters iused iin ithis iresearch iinclude: iThe ilocalization iloss 

i(errors ibetween ithe ipredicted iboundary ibox iand ithe iground itruth), ithe iconfidence iloss 

i(the iobject iness iof ithe ibox) iand ithe iclassification iloss. iThe ifirst ione ipenalizes ithe iobject 

iness iscore iprediction ifor ibounding iboxes iresponsible ifor ipredicting iobjects i(the iscores 

ifor ithese ishould iideally ibe i1).The isecond ione ifor ibounding iboxes ihaving ino iobjects, i(the 

iscores ishould iideally ibe izero). iThe ilast ione ipenalizes ithe iclass iprediction ifor ithe 

ibounding ibox iwhich ipredicts ithe iobjects. 

5.3 Detection iResults i i 

Proposed iYOLOV3 iarchitecture iuses ia ivariant iof iDark inet, iwhich ioriginally ihas 

i53 ilayer inetwork itrained ion iImageNet. iFor ithe itask iof idetection, i53 imore ilayers iare 

istacked ionto iit, igiving ius ia i106 ilayer ifully iconvolutional iunderlying iarchitecture ifor 

iYOLO. iBase inetwork iextract ifeatures ifrom itheir irespective iinput iimages. iThe ibackbone 

iof iyolo iv3 iintroduces ia iresidual istructure, iso inow ithe inetwork ican iget ivery ideep. iInside 

ithe ientire iv3 istructure, ithere iis ino ipooling ilayer iand ifull iconnectivity ilayer. iIn ithe 

iforward ipropagation iprocess, ithe isize itransformation iof ithe itensor iis irealized iby ichanging 

ithe istep isize iof ithe iconvolution ikernel, isuch ias istride= i(2, i2), iwhich iis iequivalent ito 

ireducing ithe iedge ilength iof ithe iimage iby ihalf i(i.e., ithe iarea iis ireduced ito ithe ioriginal 

i1/4). iYolo_v3 iis ialso ithe isame ias iv2, iand ithe ibackbone iwill ishrink ithe ioutput ifeature 
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imap ito i1/32 iof ithe iinput. iTherefore, iit iis iusually irequired ithat ithe iinput ipicture ibe ia 

imultiple iof i32. 

Yolo iv3 ioutputs i3 ifeature imaps iof idifferent iscales, isuch ias iy1, iy2, iand iy3 ishown 

iin ithe ifigure iabove. iThis iis ialso ione iof ithe ifew iimprovement ipoints imentioned iin ithe 

iv3: ipredictions iacross iscales 

Draws ion iFPN i(feature ipyramid inetworks) iand iuses imultiple iscales ito idetect 

itargets iof idifferent isizes. iThe ifiner ithe igrid icells, ithe imore iaccurate ithe idetection. iFine 

iobjects. iThe idepth iof iall ithree iscales i1,2 iand i3 iare iall i60 ibecause iyolo iv3 iis iset ito 

ipredict i3 iboxes iper igrid icell, iso ieach ibox ineeds ito ihave i(x, iy, iw, ih, iconfidence) ifive 

ibasic iparameters, iand ithen ihas ia iprobability iof i15 icategories. iSo i3 i* i(5 i+ i15) i= i60. 

iThis iis ithe i60 iand ithe irule iof iside ilength iis i13:26:52. 
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Figure i5.5: iYOLO iV3 iarchitecture iusing iDarknetNet-53 

 

5.4 Evaluations 

5.4.1 Evaluation imetrics 

There iare itwo itypes iof ievaluation imetrics iwe ichose ifor iresult ievaluation. iFirst iis 

itraining iand ivalidation iloss iplots iof imodel ifor icomparison iof iresults. iSecond iis iAP 

i(Average iprecision) iis ia ipopular imetric iin imeasuring ithe iaccuracy iof iobject idetectors ilike 

iFaster iR-CNN, iSSD, ietc. iAverage iprecision icomputes ithe iaverage iprecision ivalue ifor 

irecall ivalue iover i0 ito i1. iIt isounds icomplicated ibut iactually ipretty isimple ias iwe iillustrate 
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iit iwith ian iexample. iBut ibefore ithat, iwe iwill ido ia iquick irecap ion iprecision, irecall, iand 

iIOU ifirst. 

 Loss: iBasically ithe iloss ifunction ifor iany imodel iis ione iof ithe iimportant icriterion 

ifor ievaluating ithe iperformance iof ithat imodel iduring itraining iand itesting. iIn iYOLO, 

i[18] ithe iloss ifunction iis isum iof ithree itypes iof imean isquare ierrors ithat iare iobject iness 

iscore, isecond ione iis ibounding ibox ipredictions iand ithe ilast ione iis iclassification ierror 

iso ithe iwhole iloss ifunction ibased ion ithese ierrors ican ibe idefined iby ifollowing 

imathematical iequation: 

𝑌𝑂𝐿𝑂 i𝐿𝑜𝑠𝑠 =  i i iError𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒 i + 𝐸𝑟𝑟𝑜𝑟𝐼𝑂𝑈 + 𝐸𝑟𝑟𝑜𝑟𝑐𝑙𝑎𝑠𝑠 i i i i i i i i i i i i i i(1) i i 

Where iin ifirst ipart iof iabove iequation iErrorcoord ithe ivalue iof ithe ifour iof ibounding 

ibox ierror, iS2 iis ithe i inumber iof igrid icells iin iwhich iany iinput iimage iis idivided iby ithe 

inetwork, iand iB ibasically irepresents ithe iof ibounding iboxes igenerated ifrom ieach igrid icell 

iby inetwork. iReferring ito iour iapproach iwe ichange ithe iparameters iin ithe ioriginal 

iYOLOV3 imodel iaccording ito iour idataset, iS i= i13, iand iB i= i9 i.and iin ithe isecond ipart 

iof ifirst iequation iif ithere iis ian iobject iin igrid icell ithen iit iis idenoted iby i1ij i= i1 iwhich 

imeans ithat ithe iobject iis ipresent iin ithe ijth ibounding ibox iof igrid icell iith, iotherwise i1ij 

i= i0 iwhich imeans ithere iis ino iobject iin ithat ibounding ibox. i(xi ̂, iyi i,̂ iwi ̂, ihi i)̂ iare ivalues 

iof ithe ifour icoordinates ithat iare iheight, iand iwidth iand icentral icoordinates iof ithe ipredicted 

ibounding ibox. iAnd i(xi, iyi, iwi, ihi) iare ifour icoordinate iValues iof iactual ibounding ibox 

irespectively. i 

Where ithe iparameter ierror iIOU irepresents ithe ivalue iof ithe iλnoobj. iFor iour 

iimplementation iwe ichoose ia ithreshold ivalue i= i0.5 ifor iIOU. iWhereas iCi irepresents ithe 

iclass iconfidence iscore ifor iboth ipredicted iand iactual ibounding iboxes. i 

The ithird iand ithe ilast ipart iof iequation iis iused ito imeasure ithe iclass ierror iin iwhich 

ic idenotes ifrom iwhich ispecific iclass idoes ithe idetected itarget ibelongs ito. ipi i(c) irepresents 

ithe iprobability iof iboth iactual iand ipredicted i iprobability ithat ithe iobject ibelonging ito ithis 

ispecific iclass ic iis iin igrid icell ii. iThe iclass ierror ifor igrid ii iis ithe isum iof iclassification 

ierrors ifor iall ithe iobjects iin ithe igrid icells. 

 Precision imeasures ihow iaccurate iis iyour ipredictions. iI.e. ithe ipercentage iof iyour 

ipredictions iare icorrect. 
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Preccision =
𝑇𝑝

Tp + Fp
 i i i i i i i i i i i i i i i i i i i i(2) i i i i i i i 

 Recall imeasures ihow igood iyou ifind iall ithe ipositives. iFor iexample, iwe ican ifind 

i80% iof ithe ipossible ipositive icases iin iour itop iK ipredictions. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  i i i
𝑇𝑝

Tp + 𝐹𝑁
 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i(3) i i i i i i i i i i i i i i i i i 

 IOU i(Intersection iover iunion):IOU imeasures ithe ioverlap ibetween i2 iboundaries. 

iWe iuse ithat ito imeasure ihow imuch iour ipredicted iboundary ioverlaps iwith ithe iground 

itruth i(the ireal iobject iboundary). iIn isome idatasets, iwe ipredefine ian iIOU ithreshold 

i(say i0.5) iin iclassifying iwhether ithe iprediction iis ia itrue ipositive ior ia ifalse ipositive. 

 

 

Figure i5.3: iIOU iPresentation i[47] 

 

We ihave i"a imatch" iwhen ithey ishare ithe isame ilabel iand ian iIOU i>= i0.5 

i(Intersection iover iUnion igreater ithan i50%). iThis i"match" iis iconsidered ia itrue ipositive iif 

ithat iground-truth iobject ihas inot ibeen ialready iused i(to iavoid imultiple idetections iof ithe 

isame iobject).Third iis iconfusion imatrices ifor ieach idataset. iConfusion imatrices iprovide ifour 

itypes iof iresults: itrue ipositives i(TP), itrue inegative i(TN), ifalse ipositive i(FP), ifalse inegative 

i(FN). iTrue ipositive iTP iis ithe iprediction iin iwhich ithe iregion iinside ithe ibounding ibox iis 

ia iobject iclass iand iour iCNN imodel idetect iit ias ian iobject iclass. iTrue inegative iTN iis ia 

icase iin iwhich ithe iregion iin ithe ibox iis ia inot ian iobject iand idetector ialso idetects iit ias ia 

ino iobject. iFalse ipositive iFP iis ia idetection iin iwhich ithe iregion iinside ithe ibounding ibox 

iis idetected ias ian iobject iwhen ithere iis ino iobject iin ithe ibox ior ithere iis iactually ian iobject 

iinside ithe ibox ibut iground itruth iannotation idoes inot irecognize iit. iFalse inegative iFN iare 
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ithose iregions iwhich iare idetected ias ibackground, ibut iactually ithere iis ian iobject iin iit. 

iFigure i5.5 ishows ithe iillustration iof ithe iconfusion imatrix. 

 

 

Figure i5.4: iConfusion imatrix irepresentation i[47] 

 

Before itraining iour iyolov3 imodel ion iDOTA idataset, iwe ineed ito iprepare idataset 

ifor iour imodel ifor iefficient iresults. iFor ithis ipurpose, iwe iconvert ithe iannotations iof 

iDOTA-v1.5 iin iyolo iformat ii.e. i i“ ix_min,y_min,x_max,y_max,class_id i” iwhich iour imodel 

itake ias iinput.Yolov3 imodel itakes iinput iimages ialong iwith ibounding ibox iinfo iand iclass 

ilabels ifrom i0 ito i15 ito idetect iif ithere iis ian iobject iin ithe igiven ibounding ibox iof ithe 

iimage i ior ithere iis ino iobject iin ithat ibounding ibox i. iTo ilabel iour idataset iaccording ito 

iYOLO ilabels iwe ihad ito ire-annotate iour idata. iDOTA-v1.5 idataset iannotations iwere iin ithe 

iform iof ibounding ibox ilocation ipoint iof ithe iobjects ipresent iin ithe iimage. iIn ithe iDOTA 

idataset, ieach iinstance's ilocation iis iannotated iby ia iquadrilateral ibounding iboxes, iwhich 

ican ibe idenoted ias i"x1, iy1, ix2, iy2, ix3, iy3, ix4, iy4" iwhere i(xi, iyi) idenotes ithe ipositions 

iof ithe ioriented ibounding iboxes' ivertices iin ithe iimage. iPython iwas iused ito iconvert ithese 

iannotations ito isimple iYolo iannotations. iA isimple icode iwas iwritten ito iread ithe 

iannotations iof ieach iimage iand igenerate ithe ioutput iyolo iannotations iby ia isimple iformula. 

iAfter ia igeneration iof iannotations ifor iall ithe iimages iin iDOTA-v1.5, ithe idata iset ithat iwas 

ialready idivided iinto itraining, ivalidation iand itesting isets iby ithe iratio iof i60 ipercent 

itraining, i20 ipercent ivalidation iand i20 ipercent itesting idata, iwe icombine itrain iand 

ivalidation isets iand ithen ifor idata iaugmentation iwe iuse ithe iimage isplit itechnique iwith ian 

ioverlap iof i100.through ia isimple ipython icode iwe isplit ieach iimage iinto ia ipatch iof 
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i416x416 iwith ian ioverlap iof i100.this iincrease ithe iimages ithat iare ialmost i1860 i(by 

icombining itrain iand ivalidation iset) iinto i1 ilac ipatches iof iequal iwidth iand iheight i.Now 

iwe idivide ithese iimages iinto itrain iand ivalidation iset iwith iratio iof i9:1. 

Now ithe itraining iset ihas ialmost i95000 iimages. iTo ihandle isuch ilarge idataset 

iannotations ia itext ifile iwas iused ithat icontains i“image_file_path ibox1 ibox2 i... iboxN” ifor 

iall ithe iimages. iFor itraining iwe ihave ithe inumber iof iimages iused ifor itraining iand 

ivalidation iwith iimage iheight, iimage iwidth iand iimage idepth iaccording ito itensor iflow 

iformat. i3 ichannel iinput idata iwith isixteen inumbers iof iclasses, ibatch isize i4 iand i90 iepochs 

iwere iused ifor ithe itraining iprocess. iTraining, itesting iand ivalidation iarrays iwere igenerated 

ifor ilabels iwith ishape: inumber iof idata. iAfter icompletion iof itraining iprocess iwe isave ithe 

itrained i i imodel ias iHD ifile iand iobtain ithe itraining iand ivalidation iloss ifor ieach iepoch 

irespectively. i 

Table i5.2 ishows ia icomparison iof idifferent ievaluation imetrics ifrom iabove imodel. 

iIt iis iclearly iseen ithat iprecision iand irecall iof isome icategories ihave ibeen iimproved ias 

icompared ito iother itechniques. i.Figure i5.6 ishows ithe iconfusion imatrices ifor ieach idataset 

iand itheir inormalized iforms ias iwell. iThe imiss irate icalculated ifrom iconfusion imatrix iof 

iNWPU_10 idataset iis ibetter ithan ithe iDOTA idataset ifor iobject idetection iinn iaerial iimages. 

iFigure i5.7 ishows ithe itraining iand ivalidation iloss iof iyolov3 imodel. 

 

Figure i5.7: iTraining iand iValidation iLoss icurves iof iYOLOV3 imodel 
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Figure i5.8: iDetection iResults i 

 

Figure i5.9: iConfusion imatrix ifor iDOTA i 
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Table i5.1: iEvaluation iMatrices: iNumerical iresults i(Precision, iRecall) iof ibaseline imodel ievaluated 

iwith iground itruths. iThe ishort inames ifor icategories iare idefined ias: iGTF–Ground ifield itrack, iSV i–

Small ivehicle, iLV–Large ivehicle, iTC–Tennis icourt, iST–Storage itank, iSBF–Soccer-ball ifield, iRA–

Roundabout iand iSP–Swimming ipool 

Classes Plane Bridge SV LV ST TC GTF SBF RA Harbor Ship SP 

Precision 1.0 1.0 1.0 1.0 0.6 0.9 1.0 1.0 1 1.0 0.8 1 

Recall 0.8 0.6 0.65 0.45 0.5 0.7 0.7 0.5 0.4 0.8 0.45 0.6 

 

During ithe ievaluation iof itrained imodel, iwe irefer iIOU ithat iis iintersection iover 

iunion iarea.it iis ibasically ithe ioverlap iof iactual iand ipredicted ibounding ibox iof ithe iobjects. 

iFor iexample, iif ithe ivalue iis≥0.5, iit imeans ithat iit iis ia ipositive iexample iand iif iits ivalue 

iis i<0.5, iit iis ifalse iexample. iWhen ithe iIOU=0, iit iis ia ifalse inegative iexample. 

 

Figure i5.10: iMap iComparison iof idetection ialgorithms ion iDOTA 

 

The iexperimental iresults iof iproposed iapproach iand iother idetection ialgorithms iare 

ishown iin iTable iIV. iThe idetection ialgorithm ithat iis iapplied ito iaerial/satellite iimages ifor 

idetection ififteen idifferent itypes iof iobjects, iwhich ihave iexceeds iin iboth iin ispeed iand 
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iaccuracy. iAs icompared ito iother itechniques ithe iAP ivalue ibased ion iYOLOv3 ireaches 

i61.17%, iwhich icompletely idemonstrates ithe iprecision igain iof ithe iYOLOv3 ialgorithm ifor 

igoal idetection. iIt iis icleared ifrom ithe iabove iresults ithat ifor ireal-time igoal iof idetection, 

iYOLOv3 ialgorithm iis imore isuitable iin iterms iof iaccuracy iand ispeed. iAnd iif iobjects iare 

icongested iand iof ivarious isizes ithen ithe iresults iof iYOLOv3 ialgorithm iare ibetter iin isuch 

iscenarios. 
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Chapter i6: iCONCLUSION i& iFUTURE iWORK 

6.1 Conclusion 

Object idetection iis ia ifundamental ivisual irecognition iproblem iin icomputer ivision 

iand ihas ibeen iwidely istudied iin ithe ipast idecades. iVisual iobject idetection iaims ito ifind 

iobjects iof icertain itarget iclasses iwith iprecise ilocalization iin ia igiven iimage iand iassign 

ieach iobject iinstance ia icorresponding iclass ilabel. iDue ito ithe itremendous isuccesses iof 

ideep ilearning ibased iimage iclassification, iobject idetection itechniques iusing ideep ilearning 

ihave ibeen iactively istudied iin irecent iyears. iIn ithis iresearch, ian iin-depth istudy iof ithe 

idense iYOLOv3 itarget idetection imodel iis iproposed ifor idetection iand iclassification iof 

iobjects iin iaerial i/ isatellite iimages. iFrom ithe ievaluation iand icomparison iof iexperimental 

iresults, ithe imean iaverage iaccuracy iof ithis itechnique iis i61.17% iand ithe iaverage irunning 

ispeed iis i21FPS iwhich iis imuch ibetter ithan iRCNN iand iother itechniques. iThis imodel 

iperforms ivery iwell iin idetecting ismall iand idense iobjects ieven iin icomplicated iand 

iovercrowded iaerial iscenes. iThis itechnique isignificantly ielevated ithe iaccuracy iand 

ioperational iefficiency. iIn iaddition, ithe idetection itechnique iproposed iin ithis iresearch ican 

iadditionally ibe irelevant ito ia ilarge inumber iof ireal itime iapplications, ihowever ithe ionly 

ipremise iis ithat ia igiant iquantity iof idata iis irequired ifor itraining iof idetection imodel. 

6.2 Contribution 

 Review iand iComparison iof irecent idevelopments iin iobject idetection iand ilocalization 

isystems iusing ia iconvolutional ineural inetwork. 

 Fully iautomated isystem ifor iclassification iand ilocalization iof iobjects ifrom iaerial 

iimages ifor ithe ipurpose iof isafety iand isecurity. 

 We itrained iand ievaluated ithe imodel ion iDOTA idataset. iThe iresults ishow ithat iour 

iproposed inetwork iis ireally isimple, ifast iand iefficient. iBoth iquantitative iand 

iqualitative icomparisons iof iour inetwork iwith ithe istate-of-the-art inetworks iare 

iprovided. 
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6.3 Future iWork 

The isystem iproposed iby ius iis iquite iefficient ifor idetection iand iclassification iand 

iprovides igood iresults ifor ieach iinstance ipresent iin ithe iframe. iThis imethod iavoids ithe 

iproblem iof idetecting ismall iand idense iobjects iefficiently. iHowever ithe ilocalization imodule 

ican ibe iimproved iby itraining ithe inetwork ion ia idiverse idataset. iThis isystem ican ibe 

itrained iand imodified ia ilittle ito ibe iused ifor idetection iof iany ikind iof iobject ifrom isatellite 

iand iaerial iimages. iThere iis ia ilittle ioverhead iless imAp ifor isome icategories iin ilocalization 

iinstances idue ito iless inumber iof iinstances ifor isome icategories iwhich ican ibe iminimized 

iby iusing ia ilarge idataset ithat ihas ilarge iinstance iratio ifor iall icategories. 
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