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Abstract 
 

 

Foriailongitime,istereoicamerasihaveibeenideployediinivisualisimultaneousi 

locationiandimappingi(SLAM)isystemsitoiobtaini3Diinformation.iAlthoughistereoi

camerasishowigoodiperformance,itheimainidrawbackiisitheicomplexiandi 

expensiveihardwareisetupiitirequires,iwhichirestrictsitheiuseiofitheisystem.i 

Monocularicamerasiareia simpleriandicheaperialternative.iRecentiworkihasi shown 

ithatiaccessitoidepthimapsiinitheimonocularisystemiisibeneficialiasitheyicanibeiuse

ditoiimprovei3Direconstruction.iThisiworkiproposesiaideepineuralinetworkithatipr

edictsidenseihigh-resolutionidepthimapsifromimonoculariRGBiimages.i 

Networkiarchitectureifollowsianiencoder-decoderistructureiiniwhichimulti-

scaleiinformationiisicapturediandiskip-connectionsiareiuseditoiretrieveidetails.i 

TheinetworkiisitrainediandievaluatedioniaiNYUiv2idatasetiwithiresultsi 

comparableitoistate-ofi-ithe-artimethods.iTheiproblemiofidepthiestimationiisiani 

importanticomponentiforiunderstandingitheigeometryiofiaisceneiandifori 

navigatingithroughispace.iMoreiunderstandingiofitheienvironment,isuchi 

asirecognitioniactivities,Icontributesitoichangesiiniotherifields. 

 

Inimanyiapplications,iaccurateimeasurementiofidepthifromiimagesiisiaicrucialitask

involvingiinterpretationiandirestorationiofitheiscene.iExistingimethodsifori 

calculatingidepthiofteniyieldifuzzyiapproximationsiwithilowiresolution.iThisi 

thesisidescribesiaiconvolutionineuralinetworkitoiuseitransferilearningitoi 

computeiaihighiresolutionimapiofidepthiwithioneisingleiRGBiimage.iUsingiai 

typicaliencoder-decoderimodel,iwheniinitializingiouriencoder,iweiexploitifeaturesi 

derivediusingihighiperformanceipre-trainedinetworksialongiwithiextensioniandi 

testing techniques ithatiresultiinimoreiaccurateiresults. 
 

xiii 



 

 

Weidemonstrateihowiouriapproachicaniachieveiaccurate,ihigh-resolutioni 

depthimaps,ieveniforiaiveryisimpleidecoder.iWeitrainidatasetionithreeimodelsii.e.i

denseneti169,i201iandiResnet50.iOurinetworkiconductsiresultsiwithistateiofitheiart

ionitwoidatasetsiwithilessiparametersianditrainingiiterations,iandialsoioffersi 

qualitativelyibetteritestsithatireflectihumaniboundariesimoreiaccurately.iOuri 

algorithmigivesistateiofitheiartiresultsiandiitigivesirmsivalueiofi0.4611. 

 

Keywords:idepthiestimation,istereo,imonocular,icameras,iconvolutionalineuralinetworks,i

NYU Depth v2. 
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Chapter 1: Introduction 
 

 

Inimanyiapplications,iincludingisceneirecognitioniandireconstruction[[1],i[2],i[3]],

idepthiestimationifromi2Diimagesiisiaifundamentalitask.iIniapplicationsisuchiasi

navigationiandisceneirecognition,ivirtualireality[1],iimageirefocusing[2],iandiseg

mentation[3],iprovidingiaicomplexidepthimapiofitheireal-

worldicanibeiveryiuseful.iRecentidepthiestimationiadvancesiconcentrateionitheiu

seioficonvolutionalineuralinetworksi(CNNs)itoiperformi2Ditoi3Direconstruction.i

Whileitheiperformanceiofitheseimethodsihasisteadilyiincreased,itheiqualityiandir

esolutioniofitheseiestimatedidepthimapsistillipresentimajoriproblems.iRecentiimp

lementationsiiniaugmentedireality,ivirtualidepth-of-

field,iandiotheriimageieffectsi[[4],i[5],i[6]]iallowiaiquickicalculationiofihigh-

resolutioni3Direconstructionsitoibeieffective.iItiisiimportantiforisuchiapplicationsi

toifaithfullyirecreateidiscontinuityiinidepthimapsiandiavoidilargeidisturbancesith

atiareioftenipresentiinidepthiestimatesicalculatediusingicurrentiCNNs. 
 

Itiisiimportantiforisuchiapplicationsitoifaithfullyirecreateidiscontinuityiinidepthi

miapsiandiavoid.Largeidisturbancesithatiareioftenipresentiinidepthiestimatesicalc

ulat ediusingicurrentiCNNs. 

 

Estimatingidepthiusingimonoculariimagesiisiimportantiinimanyipracticaliscenari

osisuchiasiimagesionisocialimedia,iandialsoichallengingiasinoiimageicorresponde

ncesiavailable.iSomeidetailiclues,isuchiasiperspectiveiandiobjectisize,icanibeiusedi

fromimonoculariimages,iandiCNNiisitheiidealitoolitoiuseithisiinformation. 

 

So,ihowidoesitheipredictedisceneimeasureidistanceiandiunderstandiouri3Dienvir

onment?iTheimechanismiatiworkihereiisithatiouribrainibeginsitoireason 
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aboutitheiincomingivisualisignalsibyiidentifyingipatternsisuchiasitheiscale,ishape,

iandimotioniofitheiDepthiCuesiscene.iTheiimageidoesinoticontainidistanceiinfor

mation,ibutiinisomeiwayiweicouldieasilyiinterpretiandirecoveridepthidata.iWeise

eitheineariandifartheridistanceiofitheiscene.iSuchiindicationsialsoiallowiusitoivie

wiobjectsiandisurfacesisupposedlyiini3Dishapeioniflatiimages [7]. 

 

1.1 Why is it so difficult to measure depth? 
 

 

Finally, let's tryitoigraspisomeiofitheibasicidifficultiesiofiestimatingidepth.i Thei 

keyiculpritiisitoiprojecti3Diviewsiintoi2Diimages.iAnotheriquestioniisirootedidee

piwhenithereiareiobjectsimovingiandiinimotion.iDepthiEstimationiisiill-posedi 

problem.iSometimes,iwheniperformingiworkiinimonocularidepthiestimation,I 

severaliauthorsipointioutithatitheiproblemiofiestimatingidepthifromiaisingleiRGB

iimageiisianiill-posediinverseiproblem.iWhatithisiimpliesiisithatimanyiofithei3Di 

scenesiseeniinitheiworldiwilliactuallyireferitoitheisamei2Diplanei(figs 1.1). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 1.1 Visionihasitoisolveianiilliposediproblem 

 

1.2. Motivation 
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Theioverwhelmingiperformanceioficomputerivision'sideepineuralinetworksihasi 

promptediresearchersitoilookiintoitheiissueiofiestimatingidepthifromianiimage.i 

Dueitoitheiincreasingileveliofiautomationiandiartificialiintelligence,iprecisei 

computerivisioniandiimageirepresentationiisialsoirequired.iTheimostiimportanti 

elementiinicomputerivisioniisidepthiestimation..iBeingiableitoipredictitheidepthi

mapsiofimonoculariimagesiiniaisystematicimanneriwouldimakeitheseisystemsi 

moreireliable,ieasieriandicheaper.iIniaddition,ithisistudyiprovidesianihintiofithei 

possibilityiofireplacingimonocularicamerasiwithicheaper,ilighteriandilower-

powericameras.iIniotheriapplications,isuchiasiroboticinavigation,i3D-modeling 

[8]iandivirtualirealityisystemsi,iaccurateidepthiestimationiisialsoiaikeyifunction. 

 

1.3. Problem Statement 
 

 

Toiexploreitheiperformanceiofisingleiimageibasedidepthiestimationiwithithreei 

networkiarchitecturesii.e.iResnet50,idensenet169iandidensenet201ibyigivingisingl

eiRGBiimageiasianiinputiwhichigivesidepthimapiasioutputiandievaluateitheiperf

ormancesionidifferentievaluationimetrics. 

 

1.6. Aim 
 

 

Thisimasterithesisiworkifocusesionitheiimplementation,itrainingiandievaluationi 

ofiaideepiconvolutionalineuralinetworkithatipredictsidepthifromiRGBimonoculari

images.iThisiworkiexploresitheipossibilityiofimodifyingiaistate-ofi-ithe-arti 

networkiiniorderitoiimproveiitsiperformance.iTheisystemiimplementediisi 

measurediquantitativelyibyiacceptableierroriparameters,ibutialsoiqualitativelyibyi

visualiinspection.iTheisystemiisitrainedianditestediiniaipubliciNYUiDepthiv2iand

iKITTIidepthidataiset. 

 

1.5. Objectives 

 

Majoriobjectivesiofitheiresearchiareias follow: 
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1. Toiaccuratelyiestimateidepthiinformation. 
 

2. Precisioniforitheiboundariesioficloseriobjects. 
 

3. Toicreateianiaccurateialgorithmiofitheidepthiestimation. 
 

4. ToisetiaimilestoneiforiFuture’siSpecificiApplications. 
 

1.6. Structure of Thesis 

 

Thisiworkiisistructurediasifollows: 
 

Chapter2icoversitheibasicsiofidepthiestimationiandigivesireviewiofitheiliteraturei

anditheisignificantiworkidoneibyiresearchersiinipastifewiyears.i 

Chapter3.Explainsidataset. 

 

Chapter4iconsistsiofitheiproposedimethodologyiinidetail. 
 

Chapte5iincludesiallitheiexperimentaliresultsiaccompaniedibyirelevantifigures. 
 

Chapter6iDiscussipotentialidirectionsiforifutureiwork,iandiconcludesitheithesis. 
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Chapter 2: Literature Review 
 

2.1 Depth Estimation 
 

 

Depth estimation isiaivisionitaskiforitheicomputeritoideterminei2Diimageidepth.i 

TheifunctionirequiresianiRGBiimageiinputiandioutputsianiimageiofidepth.iThei 

deepiimageicontainsidetailsionitheidistanceifromitheiperspectiveiofitheiobjectsi 

thatiareinormallyitheicameraicapturingitheiimage.iTheifollowingitwoiphotosiclear

lyiillustrateitheidepthievaluationiinipractice. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 2.1 Input imageiandidepthiestimationiatioutput 

 

2.2 Depth Is Important For 3D Vision 
 

 

Knowing how muchiobjectsiareiconnecteditoiaicamerairemainsichallengingi buti 

completelyinecessaryiforiexcitingiapplicationsilikeirobots,iautonomousidriving, 

i3DireconstructioniofitheisceneiandiAR.iDepthiisiaicrucialiprerequisiteiinirobotics

iforiperformingimultipleitasksisuchiasiperception,inavigation,iandiplanning.iIfi 

weiwantitoicreateiai3Didiagram,itheicomputingidepthienablesiusitoibackiupi 

project 
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imagesitakeniini3Difromimultipleiviews.iiTheniallipointsicanibeicompletely 
 

reorganizeditheiscenneibyiregistrationiandimatching. 
 

 

2.3 DepthiEstimation Methods 

 

Depthiisiderivedifromi2icommonimethodologiesiinicomputerivision.iNamely,ithe 
 

depthiofitheimonoculariimagesi(staticiorisequential)ioritheidepthiofitheistereo 
 

imagesibyiusingiepipolarigeometry. 
 

 

2.4 Depth Estimation in Computer Vision 
 

 

The aimiofidepthiestimationiisitoiobtainiairepresentationiofitheispatialistructureiof 

itheiscene,itoirestoreithei3Dishapeiandipositioniofitheiobjectsiinitheiimageialsoi 

knowniasitheiinverseiproblemi[9],iwhereiweiareitryingitoiretrieveicertainiunknow

nsi,idueitoitheilackiofiknowledgeirequireditoicompletelyidetermineitheisolution.iA

ddingithatimappingibetweenithei2Diviewiandithei3Diviewiisinotispeciali(Fig.i1.1) 
 

Andihowidoicomputersireallyifeelitheidepth?iCouldiweisomehowipassianyiofithei

ideasimentionediabove?iTheiearlyialgorithmiwithianiimpressiveiresultistartsiwithi

aniestimateiofidepthiusingistereoivisionibackiinithei1990s.iMuchiprogressihasi 

beenimadeionicomplexistereoicorrespondenceialgorithmsi[10-12].iScientistsihavei 

beeniableitoiuseigeometryitoiconstrainiandireproduceitheiconceptiofistereopsisi 

bothimathematicallyiandiinireal-time. 
 

Asifariasimonocularidepthiestimationiisiconcerned,iitihasirecentlyibegunitoigainip

opularityibyiusingineuralinetworksitoilearniairepresentationithatiexplicitlyidistilsi

depthi[13].iIniaddition,igreatiprogressihasibeenimadeiiniself-

monitoredidepthiestimationi[14-16]. 
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2.5 Convolutional Neural Network (CNNs) 
 

 

Neural networkiconvolutioni(CNNs)iruniinioneiorimoreilayersiofiaiconvolutionali 

network.iTheithreeikeyicomponentsiofiCNNiareiconvolutions,iactivationifunctioni

andipoolingi[17],ianditheiCNNitypicallyiincludesiseveralilayersiinvolvingithesei 

operations.iCNNsiareialsoiespeciallyiwellisuitediforisolvingiimageiissuesi[18].iInis

ectioni2.2.1-2.2.3,itheimainicomponentsiareidescribed.iCNNsialsoirequireitwoi 

otherformsiofibatchinormalizationiandidrop-outioperations,iseeisectioni2.3.3.i 

Theseiperationsiallowitheinetworkitoiacquireitheiimportantifeaturesineededitoi 

overcomeitheitaskiduringitheitrainingiprocessi[19]. 

 

2.5.1 Convolutional Layers 
 

 

Theiinput,iwhichiisioftenianiimage,iisiconvertediintoiaifilterislidingioveritheifulli 

photoiinitheiconvolutionalilayer.iThisiconnectsieachineuroniinitheihiddenilayeritoi

theivariousineuroniregionsiinitheipreviousilayer.iTheiregioniisidefinedibyithei 

filterisizeiandiisireferreditoiasitheireceptiveifieldi[19]. Stridei[18]iisitheinumberiofi 

pixelsithatitheifilterimovesiduringieachinewistep.iFigurei2.3iprovidesianiexamplei

ofiainormaliconvolution.iAsiiticapturesitheiimageifeaturesioripatterns,itheiproduct

iofitheiconvolutioniisicalledianiimageimap.iForiexample,iaifeatureimayibeiai 

horizontaliedgeiorilineibutiaimoreicomplexistructureiasiwell. Theiweightsi andi 

biasesiofitheifiltersiareilearnediduringitrainingiandidetermineitheitypeiofifeaturesi

toibeiextracted. 
 

Allineuronsiinitheinetwork,iwhichiisicallediparameterisharing,iareiassociatediwith

itheisameiweightsiandibiases.iThisiallowsitheisameifilteritoidetectitheisameifeature

iatitheisameipositionithroughoutitheientireiimage.iThisiisibecauseifeaturesiusefuli 

inioneiareaiareilikelyitoibeiusefuliiniotheriareasiofitheipicture [18]. 
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Figure 2.2 Use stridei1iandinoizero-paddingitoiconvolveiai3x3ikernelioveriai4x4 

iinput. iTheioutputiisismallerithan theiinputiifizero-paddingiisiusedibutianioutputi 

ofitheisameisizeiasitheiinputicanibeigenerated. 

 

2.5.2 Activation Function 
 

 

ThereiareidifferentikindsiofiactivationifunctionsiandiReLUi[18]iisiaipopularioption

itheimostiwidelyiusediiniCNNsitoday.iSuchifunctionsiareimentionediiniFigurei2.3i

andioutlinediinitheifollowingisections. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figurei2.3iActivationifunctioniReLU.iHere,xiisitheiinputianditheifactoriaiisia 
 

learnableiparameterithatiisimodifiediduringitheitrainingicycle 

 

2.5.3 Pooling Layers 
 

 

Usuallyiaipoolingilayeriisiaddediafteritheifeatureimapiisisentithroughithei 

activationifunctionitoireduceiitsispatialisize.iThisireducesitheiamountiofi 

parametersithat the 
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networkirequiresitoiknowiandithusiincreasesinetworkicomputationaliefficiency 
 

[17]. Itialsoiimprovesitheireceptiveifieldiandimakesitheinetworkiinvariantitoi 

limitediinputitranslations.iThereiareinoilearnableiparametersiforitheipoolingilayers

ibutiratheriaifixedifunctioniisiimplementediseparatelyionieachiofitheifeatureimapsi

[19].iAismallifilter,itypicallyi2x2iori3x3,islidesioveritheifeatureimapiduringithisi 

operation,iandireturnsiaisummaryistatisticsiofitheinearbyivalues.iTheimosti 

popularichoicesiareimax-poolingiandiaverageipoolingiasishowniinifigurei2.4. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 2.4: Top-and averageipoolingiusingiai2x2isizeifilterioveriai4x4ifeatureimap 
 

withistridei2iandinoizero-padding.iTheieffectiisianioutputiofi2x2iinisize. 
 
 

Max-poolingirequiresitakingimaximumivaluesiwithinitheiareaiofitheifilter. 
 

Sinceitheisameifeatureiisiidentifiediinitheientireifeatureimap,ireturningithe 

maximumivalueiiniaigiveniregioniprovidesianiindicationiofiwhetheriorinotithei 

featureiisipresentiinithatiarea.iInithisiwayitheinetworkiisiinvariantitoismalliinputi 

imageitranslations,isinceitheimaximumivalueiisialwaysiextractediwithiniaismalli 

area.iThatialsoimeansithatitheifeature'siexactispatialipositioniisilost,ihowever.iAve

rage-poolingiisisimilaritoimax-pooling,ibutireturnsitheisumiofiallivaluesiwithini 

theifilteriareaiinstead. 
 

Becauseionlyioneivalueiisireturnediforiaiareaicontainingimultipleivalues,ithei 

spatialisizeiofitheifunctionimapiisireduced.iHowimuchiisithat,ii.e.itheidowni      

sampling 
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factor,iisicalculatedibyitheisizeiofitheifilterianditheistride.iYouicaniuseizeroi 

paddingitoigetitheidesiredidownisamplingifactor. 

 
 

 

Theibelowisectionipresentsicurrentisolutionsitoitheichallengeiofiestimatingidepthi

usingineuralinetworksiiniconvolution. 

 

2.6 Related Work 
 

 

Ainumberiofiresearchersihaveialreadyiworkionidepthiestimation.iWeilookiatisome

iofitheiworksifromiRGBireferenceiimagesithatirelateitoidepthiestimationiandi3Di 

reconstructioniproblem.iWeiareilooking,iiniparticular,iatirecentiapproachesithati 

dependionideepineuralinetworks. 
 

Lainaietial.i[20]iproposesiaicompletelyiconvolutionaliarchitectureitoiaddressithei 

problemiofiestimatingitheidepthimapiofiaisceneigivenianiRGBipicture.iResiduali 

learningimodelsitheiambiguousimappingibetweenimonoculariimagesiandidepthi 

maps.iForioptimization,itheireverseiHuberilossiisiused.iTheimodeliworksioni 

imagesiorivideosiinirealitime. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure.2.5. Laina etial.iNetworkiArchitecture.i[20] 
 

 

Lainaietial.i[20]icompareivariousinetworkiarchitectures:iAlexNet,iVGG-

16,iandiResNet-50.iDueitoiitsilimitediareaiofireceptioniatithe 
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lasticonvolutionalilayer,iAlexNetiisioutperformedibyialliotherinetworksiandidoesi

noticollectienoughiglobalidetails.iWithitheVGG-16,itheireceptiveifieldiisigreater, 

itheidepthipredictioniisibetter,iwhileiResNet-50igivesitheihighestioutputiforialli 

errorimeasurements. 

 

 

Theiresultsiofithisiworkiillustrateihowiwelliup-projectionsiareiusediinithe 

idecoderitoigetihighiresolutionicomplexioutputipredictions.iItialsoidemonstratesi 

howiResNeticanibeiusediasitheiextractoriforifeaturesiratherithaniVGGioriAlexNet 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 2.6 depthipredictionioniNYUidatasetibyiLainaietial.i[20] 
 

 

Godardietial.i[16]isuggestedianiunsupervisedimonocularidepthimeasurementi 

methodiwithoutiannotatedigrounditruthiaccuracyiandialloweditheinetworkitoi 

trainiwithileft-

righticonsistencyichecksionicalibratedistereoiimages.iTheyidiscussedidifferentinet

workiconfigurationsiinitheiriotheriworki[21],iandiexchangediweightsibetweeninet

workidepthiandiposeiestimation. 

 
 
 

 

Godardietial.i[16]iusesiailossiofireconstructioniwithiailefti-irighticonsistency. 

iTheyishowithationlyitakingiintoiaccountitheilossiofireconstructionican 
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provideiaigoodiimageiofireconstruction,ibutiresultiinipooridepthipredictions.i 

Usingiepipolarigeometryiconstrains,itheirinetworkicanisimultaneouslyigeneratei 

disparityimapsiforibothiimagesi(leftitoirightiandirightitoileft)iusingionlyitheileftii

mage.iTheipredictionsiofidepthibecomeimoreireliableiandipreciseibyiapplyingi 

consistencyibetweenitheidisparityimapsiduringitraining. 

 
 

Thisiresearchidemonstratesihowiainetworkicanibeiequippediforidepthiestimationi

usingionlyipairsiofistereoiimagesiinianiunsupervisedimanner 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2.7. DepthiestimationibyiGodard.i[16]  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure2.8. Godardietial.i[16]iArchitecture. 
 

 

Leei[22]ipresentediaimethodioniunsupervisedidepthiestimation.iTheyiutilizeiai 

dualiCNNibasedimodelitoiproduceitheicorrespondingidisparity 
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map.iTheimodelsiproposediareitestedithroughiKITTIidrivingiandiurbanisoftwarei

Cityscapes.iTheyievaluateditheirimodelionimeasurementicriteriaitheseiincludei 

AbsoluteiRelativeiDifferencesi(AbsiRel),iSquarediRelativeiDifferencesi(SqiRel),I 

RMSEilogiandid1-all. 

 

 

Theyisuggestiainovelimonocularidepthiestimationialgorithmiusingirelativeidepthi

maps.iNext,itheyiestimateirelativeidepthsibetweenipairsiofiregions,iasiwelliasi 

ordinaryidepths,iatidifferentiscalesiusingiaiconvolutionalineuralinetwork.i 

Secondly,itheyirestoreirelativeidepthimapsibasedionitheirank-1ipropertyiofi 

pairwiseicomparisonimatricesifromiselectivelyiestimatediresults.iThird,itheyi 

break idowniordinaryiandirelativeimapsiofidepthiintoicomponents,iandioptimallyi 

recombineithemitoirecreateiaifinalimapiofidepth. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure.2.9. Lee [22] predicted depth & error maps 
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Figure 2.10. Leei[22]iproposedidepthinetwork 
 

 

Xu,iD.,ietial.i[23]iintroducediainewiapproachiforitheimonocularidepthi 

measurement.iTheiriapproachiutilizesiaicontinuousiCRFitoicombineimulti-scalei 

informationifromidifferentilayersiofiaiConvolutionaryiNeuraliNetworki(CNN)I 

front-end.iOnitheiKITTIibenchmarkiandiNYUiDepthiV2idataset,itheyitesteditheiri 

methods.iWeimeasureirelativeimeanierrori(rel),irootimeanisquaredierrori(rms),I 

meanierrorilog10i(log10),iandiprecision. 

 

 

Theyiareiproposingiainewideepilearningimodeliforicalculatingidepthimapsifromi 

stilliimagesithatiseamlesslyicombineifront-endiCNNiandimulti-scaleiCRF,iouri 

architectureidoesinotionlyiconsideripredictionimapsiasiinputsibutioperatesidirectly

iatifeatureilevel.iOuriapproachibenefitsifromiainewiattentioniprocessithatiallowsi

multi-scaleifeaturesitoibeirobustlyifusediandiorganizediinformationiincorporated.i 

Ouriapproachidemonstratesistate-ofi-ithe-artiresultsionitheiNYUiDepthiV2idataset 
 

[24] andiisiamongitheitopiperformersionitheiKITTIibenchmark'simoreidemandingi

outdooriscenesi[25]. 
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Figure 2.11 Xu, D et ali[23]ipredictedidepthimaps.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2.12 Xu, D et al [23]iproposedinetworkiforimonocularidepthiestimation 
 

 

Liuietial.i[26]ipresentediaiprofoundlyiconvolutionalineuralifieldimodeliforidepthi 

estimationiofiaisingleiimage,itestingitheirialgorithmionitwoipopularionlinei 

datasets:itheiNYUiv2idatasetianditheiMake3Didataset.iStandardimetricsiusedifori 

quantitativeiassessmentsiareiaverageirelativeierrori(rel),irootimeanisquaredierrori 

(rms),iaverageilog10ierrori(log),iandiaccuracy. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 2.13 Liu etiali[26]ipredictionioniNYUiv2idataset 
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Interpretationiofimodelibyiliuietial.i[26]iTheiinputiimageiisifirstiover-segmented 

intoisuperpixels,ithenicropitheipictureipatchibasediaroundiitsicentroidiforia 

superpixelip,itheniresizeiandifeediititoiaiCNNi(5iconvolutionilayersiandi4 

completelyilinkedilayers).iConsideriKitypesiofisimilarities,ifediintoiaifully-

connectedilayeriforiaipairiofineighboringisuperpixelsi(p,iq).iTheioutputsiareitheni 

feditoitheilossilayeristructuredibyiCRF,iwhichiminimizesitheiprobabilityiofi 

negativeilogs. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure.2.14. Liu et al. [26] modeliforidepthiestimation. 
 

 

Zhouietial.i[15]iUsingisingleidepthiviewiandimultiviewiposeinetworks,itheiri 

methodievaluatesitheirimodelioniMake3DiandiKITTIiimageidatasets.iWeicomparei

theiriestimateiofiego-motioniwithitwoiversionsiofimonoculariORB-SLAMi1)iORB-

SLAMi(full)iwhichirecoversiodometryiusingialliframesiofitheidrivingiseriesi,iandi2

)iORB-SLAMi(short) 
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Figure 2.15 Zhou et al [15] prediction oniMake3Didataset 
 

 

Theicoreiprincipleiofiouriarchitectureiisitoiuseidifferentitypesiofidataicomparisonit

oiimproveitheidepthiplusiego-motioniandiflow-predictioninetwork.iTheiproposedi 

architectureitrainsitheinetworkiwithoutiaipairedidatasetibyiusingisequentialistereo

iscenesitoiestimateidepth,iopticaliflow,iandiego-motion.iWeitrainieachinetwork 

iundericouplediconsistencyiconditions,ithusisharingitheiparameters.iTheiblockiofif

lowiconsistencyiproducesiaiflowiusingidepthiplusiego-motioniandiainetworkiofi 

stand-aloneiflowiestimation,icallediFlowNet.iToipenalizeitheiphotometrically 

dissimilariregions,itheiinducediopticaliflowifromitheidepthiplusiego-motioni 

isicomparediwithitheinetwork-basedipredictediopticaliflow. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 2.16. Zhou et al. [15] network Architecture. 
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S.# Author   Year Technique      Dataset  RMS 
         

1 D. Eigen, C. 2014 Depth  map ipredictioniifromiia NYUiv2,iKITTI  0.907 
 Puhrsch, and R.  singleiimageiusingiaimulti-scale    

 Fergus.    deepinetwork.        
      

2 H.iFu,iM.iGong,iC. 2018 Deepiordinaliregressioninetwork KITTI,Make3Diand 0.509 
 Wang,iN.    forimonocularidepthiestimation. NYUiv2   

 Batmanghelich,iand            

 D.iTao.i[2]              
           

3 I.iLaina,iC.   2016 Deeper depth prediction with Make3DiandiNYU 0.573 
 Rupprecht,iV.   fully convolutional residual v2   

 Belagiannis,iF.   networks.         

 Tombari,iandiN.             

 Navab.i[20]              
            

4 Z.iHao,iY.iLi,iS.  2018 Detail  preserving  depth NYUiv2  0.555 
 You,iandiF.iLu.   estimationiifromiiaiisingleiiimage    

      usingiattentioniguidedinetworks.    
          

5 P.iiWang,iiX.iiShen, 2015 Towards unified depth and NYUiv2  0.745 
 Z.iLin,iS.iCohen,iB.  semanticipredictionifromiaisingle    

 Price, and A. L.  image.          

 Yuille.               
         

6 B.iiLi,iiC.iiShen,iiY. 2015 Depth and surfaceiiiinormal Make3D,  0.821 
 Dai, A. V. den  estimation from monocular NYUiv2   

 Hengel,iandiM.iHe.  imagesiusingiregressionionideep    

      featuresiandihierarchicaliCRFs.    
            

7 Zhao, S., Fu, H., 2019 Geometry-Aware  Symmetric KITTI  3.846 
 Gong,iM.,i&iTao,iD.  Domain  Adaptation for    

      MonoculariDepthiEstimation.    
       

8 ClementiGodardi´1 2019 DiggingiiiIntoiiiSelf-Supervised KITTI  4.863 
 Oisin Mac Aodha2  MonoculariDepthiEstimation Eigen   

 Michael Firman3            

 GabrieliBrostow3            
         

9 C.iGodard,iO.iM. 2017 Unsupervised monocular depth KITTI and 
 

4.935 
 Aodha,iandiG.iJ   estimation  with left-right Cityscapes   

 Brostow.[16]   consistency.        
            

10 Lee,iJ.-H.iandiC.-S. 2019 Monocular     depth NYUiv2  0.538 
 Kim.i[22]    estimation using relative depth    

      maps.          
        

11 Godard,iiC.,iiet al. 2019 Diggingiiiiintoself-supervised KITTI  0.4863 
 [21]     monocularidepthiestimation. Make3D   
         

12 Xu,iD.,ietial.i[23] 2018 Structured attention guided NYUiv2  4.677 
      convolutional neural fieldsiifor KITTI   

      monocularidepthiestimation.    
       

13 Liu,iF.,iC.iShen,iand 2015 Deepiconvolutionalineuralifields NYUiv2  0.824 
 

G.iLin.i[26] 
     39    

KITTI 
  

    foridepthiestimationifromiaisingle   
                



 

   image.   

      

14 Zhou,iT.,ietial.i[15] 2017 Unsupervisediilearningiiofiidepth KITTI, 10.47 
   andiego-motionifromivideo. Make3D  
       

Tablei2.1. Overviewiofidifferentitechniquesiofidepthiestimation 
 

 

Zhou,iT.,ietial.i[15]icurrentisystemidoesinotidirectlyiquantifyitheidynamicsiand 

occlusionsiofiscenes,ialliofiwhichiareicrucialifactorsiini3Diperceptioniofiscenes.i2)i

Ourisystemiassumesithatitheiobjectiisiintrinsic,iwhichipreventsitheiuseiofirandomi

Internetivideosiofiunknowniobjectitypesi/icalibration.iIniC.iGodard,iO.iM.iAodha,iandiG.

iJ.iBrostow.[16]ibothilefti-irighticonsistencyitestiandipost-processingienhanceithe 

iqualityiofitheiresults,icertainiartifactsiareistilliapparentiatiocclusioniboundariesi 

dueitoitheifactithatitheipixelsiinitheiocclusioniareaiareinotiapparentiinibothiimages

.iOurisystemineedsirectifiedianditemporarilyisynchronizedistereoipairsiduring 

testing,iwhichimeansithatiitiisinoticurrentlyipossibleitoiuseiexistingisingle-volumei 

sets.iTheifullyiconvolutionalimodeliproposedibyiLainaietial.i[20]isignificantly 

enhancesitheiaccuracyiofitheiedgeianditheidescriptioniofitheistructureiinithei 

predictedidepthimaps.iTheinetworkiproposediisicompletelyiconvolutional, 

containingiup-projectionilayersithatiallowimuchideepericonfigurationsitoibe 

trained,iwhileisignificantlyireducingitheinumberiofiparametersitoibeilearnediand 

theinumberiofitrainingisamplesirequired.iTheialgorithmiproposedibyiLeei[22] 

providesitheioutputiandianiablationianalysisishowedithatirelativeidepthimapsiarei

moreiefficientithaniordinaryimapsiinimaintainingitheidepthiofiaiscene.iFuietial.i 

[27]i,ionitheiotherihand,iformulatedidepthiestimationiasiaiclassificationiproblem.i 

Theidepthirangeiisifirstidiscretizediintoiintervals.iTheinetworkithenilearnito 

classifyieachiimageipixeliintoioneiofitheidepthiintervals.iHowever,iinsteadiofi     

usingiuniformidiscretization,iFuietial.i[27]iusediaispacingiincreasingidiscretization. 
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Chapter 3: Datasets 
 

 

High demand forimultipleisceneiunderstandingitechnologiesisuchiasiautonomousi 

driving,irobotinavigation,iorivirtualirealityidevices.iConvolutionalineuralinetwork 

(CNN)iarchitecturesihaveibeenimostiwidelyiuseditoisubstituteioriimprove 

conventionaliapproachesiandihaveibeenishownieffectivelyitoiinferigeometric 

detailsionlyifromitheimonoculariRGBioriintensityiimagesiprovided. 

 

 

Developingiandievaluatingidepthiestimationialgorithmsirequiresiailargeiamount 

ofirepresentativeidata,iparticularlyiforilearnediestimationimethods.iScharsteiniand

iSzeliskii[28]iprovideditheiMiddleburyidatasetiasianiearlyitestienvironmentifor 

quantitativeiassessmentiofistereoialgorithms,iwhereitheigrounditruthiwasi 

obtainedibyistructuredilight.iFacilitatedibyiconsumeridepthicamerasisuchiasi 

MicrosoftiKinecti[29],iainumberiofiindooridepthidataisetsihaveibeeniproposedi[30]

.iIniparticular,itheiNYUdepthv2idataiseti[24]iisiaiwidelyiusedidataisetiwithi 

approximatelyi1500isamples.iHowever,idueitoitheilimitationsioficonsumeridepthi 

camerasiinisevereiambientilightiandimodulationifrequencyilimitations,itheseidatai

setsionlyicoveriindooriscenariosiwithilimitediranges.iTheiKITTIiStereoi2015 

benchmarki[31]ihasiintroducedi400iimagesiofistreetiscenesiwithiground-level 

truthiacquiredibyitheilidarisystem. 

 

 

TheiKittiidataseti[32]iincludesiscenesifromistreetsicapturedifromiaimovingivehicle,

iseeiFigurei3.0.iTheidatasetiincludesiRGBiimagesifromiaiVelodyneilaseriscanneri 

alongiwithitheidepthimaps.iDepthimapsiareiprovided,ihowever,ionlyiiniaiveryi 

lowiresolutioniwhichialsoisuffersifromiirregularlyiandisparselyispacedipoints.iThe

imost 
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frequentlyiusedidatasetiisitheiNYUidepthiv2idataseti[24]iwhichicontainsi464 

indooriscenesiwithialignediRGBiandivideoisequenceidepthiimagesiobtainedifromi

aiMicrosoftiKinectiv1isensor.iAisubsetiofithisidatasetiisimainlyiusediforideep 

networkitesting,iwhileiaifurtheri654iimageiandidepthipairsiareiusediforievaluation 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figi3.0iTestivehicleiequippediwithiaiRGBistereocamerai(AptinaiAR0230, 
 

1920x1024,i12bit)iandiailidar(VelodyneiHDL64-S3,i905nm) 

 

3.1 Data Augmentation 
 

 

Theiuseiofidataiincreasesirelevantitoitheitaskiisiessentialiforitheinetworkito 

benefitifromitheiincrease.iItiisinecessaryitoifeeditheiimagesionitheinetworkiwhich

iitiwilliactuallyifindiinitheirealiworld.iSomeipopulariandihelpfuliincreasesiareifor

itheidepthiestimationitask;ismallirandomirotations,igaussianinoise,irandomi 

horizontaliflips,icoloriincreasesianditranslations. 

 

 

Applyingiaiprocedureinamedidataiaugmentationiisioneiofitheiriconsiderationsi 

foriavoidingioverfitting.iThisitechniqueiisiprimarilyiusediforitheipurposeiof 

increasingiimageidataibyitransformingiinputiimages,isuchiasicropping,iflipping 

and/orirotatingi[33].iOtherimethods,ilikeitransferringitheistyleiofiyouriimage,iare 

availableifrominightitoiday,iwinteritoisummer,isunnyitoicloudyiandiviceiversa. 
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Thisitechniqueiincreasesitheiamountiandivarietyiofidataithatianialgorithmifor 

machineilearningineedsitoiimproveiitsiefficiencyiandievaluation.iTheionlyivalid 

dataiaugmentationitransformationiisitheihorizontaliflipiofiimages,ibecauseiofithe 

existenceiofitheitaskiiniDenseDepth.iOtheritransformationsiwhichialterithe 

scene'sigeometryiareicounterproductive.iForiexample,iaiverticaliflipiwilliputithei 

roadiandicarsiatitheitopiofitheiframe,iwhileitheiskyiwouldibeiatitheibottom,ia 

scenarioithatidoesinotisuitianyifutureiinferenceiinputipicture,inorianyirealiworld 

scenario.iTheifollowingitableiprovidesiexplanationsiforiexplanationiofisomeiof 

thoseitransformations. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 3.1. Illustration of Data Augmentation techniques [34] 

 

3.2 NYU Depth v2 
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NathaniSilbermaniandiFergusisubmitteditheiNYUiDepthiV2idatasetiatiECCVi201

2 Videoisequencesiofi464iindooriscenesicapturediwithiMicrosoft Kinect  

[24]. composeiNYUiDepthiv2.iv2i[24].iTheicollectioniofidataiincludesitwo 

components:itheilabeledi1449i(795iiniaitrainingiset,i654iiniaitestiset)iRGBi 

matchediandithei640x480iresolutionidepthipicturesiwithitextualimarkingiforieach

iobject.iForieachiobject.iTheisecondicomponenticontainsirawicameraidataiandiMi

crosoftiKinectioutput.iThisiresultsiiniaitotaliofi407,024iunlabeledivideos.iTheidata

isetiialsoicontainsiMATLABiscriptsiforitheianalysisiofitheirawidata,iandiforithe 

synchronization,ialignmentiandifullidepthimaps.iTheidataisetiincludesithe 

profundityivaluesiarei0-10imetersiforibothicomponents. 
 
 
 
 
 
 
 
 
 
 
 

 

Figure.3.1. NYU v2 Sample Images 
 
 

3.3 KITTI 
 

 

The dataset consists ofiabouti93,000iimagesifromioutdooriscenes,idividediintoi 

fiveicategories;iarea,iresidential,ipath,icampus,iandiperson.iTheidataiwasi 

collectediusingiaihigh-resolutionistereoicamerairigiinicoloriandiaiVelodynei3D 

LaseriScanneri(LiDAR),iwhichicaptureditheisceneidepth.iAitotaliofi151isequences

ihaveibeeniregistered,ianditheirawidataifromitheileftiandirighticameraiareigiven 

forieachiframe.iAirectifiediversioniofitheiRGBiimagesiisiavailableiforidownload 

alongiwithitheirawiLiDARiscans. 
 

Dependingionitheicalibrationiparameters,itheiresolutioniofitheirectifiediRGB 

imagesivariesislightlyibutiisiaroundi1242x375. 
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TheirawiLiDARiscansiareisparse,iindicatingithatinotiallipixelsicontainivalues. 

However,iUhrigietial.i[35]iprovidedidenseridepthimaps,iderivingiailarge-scale 

datasetiofidepth-annotatediRGBiimagesifromitheisparseiscaniresults.iTheir 

researchiwasiinspiredibyishowingithaticonventionaliconvolutionalineural 

networksitypicallyiperformipoorlyiwhenitrainedionisparseidata.iTheirawiLiDARi

scansiareisparse,ii.e.iTheyicontainiasimanyipixelsiasifouritimesi[35]. 
 

KITTIi[36]iincludesivideoiclipsifromiaiLIDARirangeimovingivehicle.iInicaseiof 

RGBiimagesiofi1392x512iresolution,iLIDARipointicloudidataimustibeitakenifromi

depthimaps.iTheseiareionlyigiveniforitheiloweripartiofitheipicture.iDataseti 

consistsiofi56iscenesiandihasiaitotaliofiapproximatelyi20,000ipictures.iIni2013,ithe 
 

[37] KITTIidatasetiwasisubmittediatiIJRR.iInsteadiofiusingitheientireiKITTI 

dataset,itheiEigenidivisioniisigenerallyipursued.iThisidivideiincludes 23,488i 

photographsifromi32ipreparationiscenesiandi697iphotographsifromi29itest 

rooms.Figurei3.2ianiexampleiofianiinputiimagesifromitheiKITTIidatasets. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure.3.2. KITTI Sample images 

 

3.4 Make3D 
 

 

Make3D [38]iisianioutdooricollectioniofi534iimagesiofiopeniair,i400ipicturesiare 

useditoitest,i134iforitesting.iTheidepthiinformationiisicollectediusingiLaseriandi 

the 
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resultingiRGBipicturesihaveiairesolutioniofi2272x1704.iToidecrease 

theipreparationitime,iitiisiadditionallyiusualitoidown-exampleitheseiimages. 
 
 
 
 
 
 
 
 

 

Figure 3.3. Make3D SampleiImages 

 

Datairecord Figures NotationiAvailable  Scene 

     

NYUD-V2i[1] 1449i+i407KiRAW Depthi+iSegmentation  Indoor 

     

KITTIi[3] 94KiFrames 
Depthiialignediiwith RAW 

Street 
data 

 

    

     

Make3Di[4] 500iFrames Depth  Outdoor 

     
 

Tablei3.1:iDatairecordiforiDepthiEstimationi[8] 
 

 

3.5
 Metricsiforievaluatingiperformanceiofidepthiestimati
onionidatasets 

 

 

Toibenchmarkioutputiandicompareiexistingisolutions,iitiisiimportantitoievaluate 

resultsiquantitatively.iIniTablei3.2,iweipresentitheispecificimetricsiuseditoiassess 

theiperformanceiofisystemsiperformingidepthiestimation.iThisiisitheiestimated 

depthiofitheipixelianditheitargetidepthiofitheipixel.iAtitheiendiofithisichapter, 

Tablei2.2icomparesitheiperformanceioficurrentisolutionsiusingitheseimetrics. 
 
 
 
 
 

Relativeierrori(rel) 

 

Squareirelativeierrori(sqrirel) 
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Rootimeanisquaredierrori(rms) 

 

Root mean squared error log 
 

(rms-log) 
 

Log10ierrori(log10) 

 

Thresholdiofiaccuraciesi(Ai)iforiAi
≺ithr 

 

Tablei3.2: Metrics used for evaluating performance in depth estimation 

 

Higherivaluesimeanibetteriresultsiforieachimetriciexceptiforitheithresholdimetric. 
 

Higherivaluesimeanilowerierroriforimetricithresholds. 
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Chapter 4: Proposed Methodology 
 

 

WeidefineiourimethodiofiestimatingiaidepthimapifromiaisingleiRGBiimageiinithisi

section.iWeifirstidefineitheiarchitectureiofitheiencoder-decoderiused.iNextiwe 

exploreiourifindingsionibothitheiencoderiandidecodericomplexityiandiitsioutput 

relationship.iFirst,iweisuggestiaifittingilossifunctioniforitheitaskiiniquestion. 

Finally,iweiidentifyieffectiveipoliciesiforiexpansionithatisignificantlyihelpithe 

trainingiprocess. 

 

4.1 Depth information: 
 

 

Depthicanibeistorediinimetersiforieveryipixeliinitheiimageiframeiasidistanceifrom 

theicamera.iTheifollowingifigureishowsidepthimapiforiaisingleiRGBiimage.iThe 

depthimapiisitoitheirightiwhereitheiactualidepthiwasiconverteditoirelativeidepthi 

usingithisiroom'simaximumidepth. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 4. RGB Image and itsicorrespondingidepthimap 
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Theimostiwidelyiusediapproachiforirealiapplicationiisiaicombinationiofiaiso-called 

pre-trainedinetworkioperatingionipowerfulicomputerihardware.iTheigeneral 

structureiforiusingitheipre-trainediNNiisiillustratediinitheifigureibelow. 
 
 
 
 
 
 
 
 
 
 

 

Figure.4.1 Generaliclassificationiofipre-trainedinetwork 
 

 

Weiproposeianiarchitectureithaticonnectiallilayersi(withicorrespondingifeature 

mapisizes)idirectlyitoieachiotheritoiensureimaximumiinformationiflowibetween 

layersiinitheinetwork.iToipreserveitheifeed-forwardinature,ieachilayerigets 

additionalifeedbackifromialliprecedingilayersiandipassesitoiallisubsequentilayersi 

oniitsiownifeature-mapsiasishownibelow. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 4.2 Eachilayeritakesialliofitheipreviousifeatures-mapsiasiinput. 
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UnlikeiResNets,iweinevericombineifeaturesibyisummingithemiupibeforeitheyipass 

intoiailayer;iinstead,iweicombineifeaturesibyiconcatenatingithem.iDueitoiitsidense 

connectivityipattern,iDenseConvolutionaliNetworki(DenseNet)iwasiapproached. 

Theiresultiofithisidenseicommunicationipatterniisithatiitineedsifeweriparameters 

thanitraditionaliconvolutioninetworks,ibecauseiredundantifeatureimapsineedinot 

beirelearned.iTraditionalifeed-forwardiarchitecturesicanibeiseeniasistatei 

algorithmsiwhichiareitransferredifromilayeritoilayer.iEveryilayerireadsitheistate 

fromiitsipreviousilayer,iandiwritesitoitheilayerithatifollows.iItichangesitheistate 

butiitialsoitransmitsiinformationithatimustibeiprotected.iWeievaluateiDenseNets 

onitwoihighlyicompetitiveidatasetsiforicomparisonsi(NYUiScopeiv2,iandiKITTI).i

Ourimodelsitenditoiallowifarifeweriparameters. 

 

4.2 Proposed Network Architecture 
 

 

DenseDepth relies onitransferilearning,iaimethodithatimakesimoreieffectiveiuseiof 

previousiinformationiderivedifromiailearningiproblemi—iimageiclassificationiini 

thisiicasei—itoihelpisolveianotheri—idepthiestimationi—[39].iTransferilearningi 

hasihelpedithisiapproachitoiproduceisimilariorievenibetteriresultsitoiaisimpleriand 

modulariarchitectureithaniotherimethods.iHowever,iitiisiaistrictlyisupervised form 

ofilearningithatirequiresiground-truth-depthidatailikeithoseifromi3Dilaseriscansior 

othericostlyihardware. 

 

 

Ourinetworkiarchitectureifollowsiaiframeworkiofiencoderidecoders.iTheiencoder 

isiwhereitheitransferilearningitakesiplace,ispecificallyiusingiDenseNet-169ipre-

trainedioniImageNeti[40],ianiimageidatabaseiforiclassifyingiimagesiandi 

recognizingiobjects.iHavingisomeipretrainedisectioniallowedithisimethodito 

reduceivalidation 
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lossicompareditoianiinitializationiofitotallyirandomiweights.iTheidecoderisegment 

consistsioficoreiconvolutionalilayers. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure.4.3.(a) Aniarchitecturalioverviewiofiour network. 

 

4.3 Modifying network architecture 
 
 

The encoder presented is a pretrainediDenseNeti169.Theiencodericonsistsiofi4 

denseiblocksithatioccuribeforeitheifullyiconnectedilayersiinitheiDenseNeti169 

model.iItiisidifferentifromiotheridepthimodelsiinithatiitiusesiaiveryisimple 

decoder.iEachidecoderiblockiconsistsiofiaisingleibi-lineariupsamplingilayer 

followedibyi2iconvolutionilayers.iFollowingianotheristandardipracticeiiniencoderi

decoderiarchitecture,itheiupisamplingilayersiareiconcatenatediwithithei 

correspondingilayersiinitheiencoder.iFigureibelow,iexplainsitheiarchitectureiin 

moreidetail. 
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Figure 4.3.(b) Densenet architectural summary [41] 
 

 

In DenseDepth theimirrorediimagesi(horizontaliflipping)iareiusediwithiits 

horizontallyiflippediversionitoiaverageitheidepthivaluesiofitheioriginaliimage. 

Fig.4.3i(a)idisplaysianioverviewiofitheidepthiestimateiofiouriencoderinetwork.iThe

ifirstipartiofitheidecodericonsistsiofifourilearnableiupsamplingiblocks,iwhichi 

returnsianioutputiaboutihalfitheisizeiofitheiinputiimage.iAidrop-outilayeriisithen 

addediwithiai50ipercentiprobability,iconvolution,iandiaiReLUiactivation.iThe 

outputiisieventuallyiupsampledibyibilineariinterpolation,iresultingiiniaifinal 

estimateiofitheisameispatialiscaleiasitheidata. 

 

UsingitheiDenseNet-169[7]inetworkipre-trainedioniImageNeti[8],itheiinputiRGB 

imageiisiencodediintoiaifunctionivectoriforiouriencoder.iThisivectoriisithenifed 

intoiaisuccessiveisequenceiofiup-samplingilayersi[9]itoicreateitheifinalidepthimap 

atihalfiofitheiinputiresolution.iOuridecoderiisicreatedibyitheseiupisamplingilayers 

anditheirirelatediskipiconnections.iOuridecoderiincludesinoisuggestedibatch 
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normalizationi[10]ioriotheriadvancedilayersiinirecentistate-ofi-ithe-artimethodsi[11, 
 

12i]. 
 

 

LAYER OUTPUT FUNCTION 

INPUT 480 ×640×3  

CONV1 240 ×320×64 DenseNetiCONV1 

POOL1 120 ×160×64 DenseNetiPOOL1 

POOL2 60 ×80×128 DenseNetiPOOL2 

POOL3 30 ×40×256 DenseNetiPOOL3 

.i.i. .i. .   .i.i. 

CONV2 15 ×i20i×i1664 
Convolutioniii1iii×iii1 

ofiDenseNetiBLOCK4     

UP1 30 ×i40i×i1664 Upsamplei2i×i2 

CONCAT1 30 ×i40i×i1920 ConcatenateiPOOL3 

UP1-CONVA 30 ×40×832 Convolutioni3i×i3 

UP1-CONVB 30 ×40×832 Convolutioni3i×i3 

UP2 60 ×80×832 Upsamplei2i×i2 

CONCAT2 60 ×80×960 ConcatenateiPOOL2 

UP2-CONVA 60 ×80×416 Convolutioni3i×i3 

UP2-CONVB 60 ×80×416 Convolutioni3i×i3 

UP3 120 ×i160i×i416 Upsamplei2i×i2 

CONCAT3 120 ×i160i×i480 ConcatenateiPOOL1 

UP3-CONVA 120 ×i160i×i208 Convolutioni3i×i3 

UP3-CONVB 120 ×i160i×i208 Convolutioni3i×i3 

UP4 240 ×i320i×i208 Upsamplei2i×i2 

CONCAT3 240 ×i320i×i272 ConcatenateiCONV1 

UP2-CONVA 240 ×i320i×i104 Convolutioni3i×i3 

UP2-CONVB 240 ×i320i×i104 Convolutioni3i×i3 

CONV3 240 ×320×1 Convolutioni3i×i3 
 

Tablei4.1iNetworkiarchitecture. 
 

Tab.4.1ishowsitheistructureiofiencoder-decoderiwithiskipiconnectionsinetwork. 

EncoderiisibasedionitheiDenseNet-169i[13]inetworkiwhereitheitopilayersiremoved 

thatiareirelateditoitheioriginaliImageNeti[42]iclassificationitask.iForidecoder,istart 

withiai1i×i1iconvolutionalilayeriwithitheisameinumberiofioutputichannelsiasithe 
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outputiofitruncatediencoder.iThenisuccessivelyiaddiupisamplingiblocksieach 

composediofiai2×ibilineariupisamplingifollowedibyitwoi3i×i3iconvolutionalilayers 

withioutputifiltersisetitoihalfitheinumberiofiinputsifilters,iandiwereitheifirst 

convolutionalilayeriofitheitwoiisiappliedionitheiconcatenationiofitheioutputiofithei

previousilayerianditheipoolingilayerifromitheiencoderihavingitheisameispatial 

dimension.iEachiupisamplingiblock,iexceptiforitheilastione,iisifollowedibyiaileaky 

ReLUiactivationifunctioni[26]iwithiparameteriαi=i0:2.iTheiinputiimagesiare 

representedibyitheirioriginalicolorsiinitheirangei[0;i1]iwithoutianyiinputidata 

normalization.iTargetidepthimapsiareiclippeditoitheirangei[0:4;i10]iinimeters. 

LayersiupitoiCONV2iareiexactlyithoseiofiDenseNet-169i[13].iUpisamplingiis 

bilineariupisampling.iWeifollowieachiCONVBiconvolutionalilayeribyiaileaky 

ReLUiactivationifunctioni[26]iwithiparameteriαi=i0:2.iNoteithatiinithisitableiwei 

useitheioutputishapesicorrespondingitoitheispatialiresolutioniofitheidatasetiNYU 

Depthiv2i(height×iwidth×ichannels). 

4.4 Changing feature extractor to DenseNet 169/121 or Resnet 50 
 

 

ResNet-50i[20]iisiusediasianiencoderitoiextractifeaturesifromitheiinputiimage. 

ResNetihasishownigreatipotentialibyiapplyingiskipiconnectionsithatimakeiit 

possibleitoiskipistepsithatifacilitateideepinetworkitrainingi[43].iInisomeiofithe 

worksi[20,i27,i44],idifferentiarchitecturesiwereievaluatediagainstieachiother,iwith 

ResNetioutperformingiallitheiothers.iAccordingitoiCaoietial.i[44]iandiEigenietial. 

[45],ideeperiarchitecturesialsoiseemitoiperformislightlyibetterithanishallowiones 

whenipredictingidepth. 

 

 

WhileiResNetihasishownigreatiresults,ithereiareiairangeiofiotherinetworksithati 

canibeiuseditoiextractifeaturesiandithatimayifunctionibetteriforithisiparticularitask.

iDenseNet,iproposedibyiHuangietial.i[42],iisiaiveryilargeiyetinarrowinetworkiin 
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whichiallilayersiareidirectlyiconnecteditoieachiother.iIniDenseNet,ieachilayeri 

receivesiinputifromiallipreviousilayersianditransfersiitsiownifunctionimapsitoiall 

futureilayers.iItiensuresitheifulliflowiofiknowledgeibetweenilayersiandiencourages

ipreparation.iInicomparisonitoiResNet,iwhereitheifunctionsiareisummeditogether,i

DenseNetifunctionsimapsiareiconcatenated. 

 

 

MoreiinfoionitheiDenseNetiarchitectureicanibeifoundiini[42].iDense 

ConvolutionarliNetworki(DenseNet),                 whichiconnectsieachilayeriiniaifeed-

forwardifashioniwithieachiother.iWhereasiconventionaliconvolutionaliL 

layerinetworksihaveiLiconnectionsioneibetweenieachilayeriandiitsisubsequenti 

layer —iourinetworkihasidirecticoidirecticonnections.iTheifeatureimapsiofiall    

precedingilayersiareiusediasiinputsiforieachilayer,ianditheiriownifeatureimapsiare 

usediiniallisubsequentilayersiasiinputs.iAipossibleicounter-intuitiveieffectiofithis 

denseipatternioficonnectivityiisithatiitirequiresifeweriparametersithanitraditionali 

convolutionalinetworks,iasithereiisinoineeditoire-learniredundantifeatureimaps. 

Traditionalifeed-forwardiarchitecturesicanibeiseeniasistateialgorithms,I 

whichiareimovedifromilayerito layer. Every layer readsitheistateifromiitsiprevious 

layer,iandiwritesitoitheilayerithatifollowsiit.iItichangesitheistateibutialsoitransmits 

informationithatirequiresipreservation.iDenseNetilayersiareiveryinarrowi(e.g.,i12i 

filtersiperilayer),iaddionlyiaismallisetiofifeatures-mapsitoithei"collective 

knowledge"iofitheinetworkiandikeepitheiremainingifeatures-mapsiunchangedi— 

anditheifinaliclassifierimakesiaidecisionibasedioniallitheifeatures-mapsiinithe 

network.iIniadditionitoiimprovediparameteriefficiency,iDenseNets'iimprovediflow 

ofiinformationiandigradientsiacrossitheinetworkimakeiitieasyiforithemitoitrain. 

Eachilayerihasidirectiaccessitoitheigradientsiofitheilossifunctionianditheioriginali 

inputisignal,iresultingiiniimplicitideepisupervisioni[46].iThisihelpsitoitrainideeper 
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networkiarchitecture.iFurthermore,iweialsoiobserveithatidenseiconnectionsihaveia 

regularizingieffect,iwhichireducesiover-fittingiforitasksiwithismalleritrainingisizes. 

 

 

AsiDenseNetiimprovesitheiflowiofiinformation,ienhancesitheipropagationiof 

featuresiacrossitheinetwork,iandiusesiaimethodiofiskip-connectionsisimilarito 

thoseithatihaveibeenishownitoibeiusefuliiniResNet,iDenseNetiwasipresumedito 

haveipotentialiasiaigoodifeatureiextractor.iAtitheisameitime,iusingiDenseNet 

insteadiofiResNetiwouldireduceitheinumberiofiparametersiavailable. 

 

4.5 Network Training 
 
 

Theisegmentiexplainsihowinetworkitrainingihasibeenicarriediout.iImplementation, 

trainingiandievaluationiwereicarriedioutiiniPythoniusingitheiAnaconda.iThei 

NetworksihaveibeeniequippedioniNVIDIAiGeForceiRTXi1080iGPU.iOuriencoder 

isiaiDenseNet-169[17]ipreformedioniImageNet[5].iTheidecoderiweightsiare 

initializediatirandomiafteri[11].iIniallitests,itheiADAM[20]ioptimizeriwasiused 

withiailearningirateiofi0:0001iandiaiparameterivalueiofiβ1i=i0:9,iβ2i=i0:999.iThe 

batchisizeiisisetitoi2.iTheitotalinumberiofitrainingiparametersiforitheientirei 

networkiisiapproximatelyi21M.iTrainingiisidoneifori20iepochsioniNYUiDepthiv2, 

takingi2ihoursiandi40iminutesiperiepochitoifinish. 

 

 

4.6 Training details 
 

 

TrainingioniNVIDIAiGeForceiGTXi1080itooki2ihoursiperiepochiforitheiNYU 

Depthiv2[54]idataicollectioni.iTheiperformanceiinitheiNYUiDepthiv2idatasetiis 

impressive,ireachingitheihighestiaccuracyiinimostiofitheimetricsi(89.5-99.6%), 

makingiitistate-of-the-art.iAllinetworksiareitrainedibyistochasticigradientidescenti                     

(SGD).iWeitrainimodelsifori50iepochsiwithiaibatchisizeiofi2ioniDensenet169.iThe 

learningirateiis initiallyisetitoi0.1iandiisireducedibyi10itimesiiniepochsi 

30iandi50. It took 2 hours 40 minutes per epochs to complete the training. 
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4.7 Training a neural network 
 

 

Inithisisectionitheigeneralitrainingiprinciplesiofisupervisedineuralinetworksiare 
described. 

 

4.7.1 Loss Function 
 

 

Theilossifunctioniisiuseditoicalculateitheidifferenceibetweenitheivalueiofithe 

grounditruth,iy,ianditheivalueiofitheiexpectedivalue,iy^.iTheidifferenceiisialso 

referreditoiasitheierroriofipredictioniandiprovidesiainumericalimeasureitoihow 

wellitheinetworkiisiableitoiperformiitsifunction.iWhenipredictionsiareimade 

pixelwise,itheierroriofipredictioniisialsoimeasuredipixelwise.iDuringitheitraining 

cycle,iweightsiandibiasesiareimodifiediwithitheigoaliofireducingitheiroleiof 

loss[20].iTherefore,itheioptioniofianiappropriateilossifunctioniisiimportantiforithe 

networkitoiproperlyilearniitsitask.iOuriapproachiisitoidefineiailossifunctionithat 

balancesitheireconstructioniofidepthiimagesibyireducingitheidifferenceiinidepth 

valuesiwhileialsoipenalizingidistortionsiofihigh-frequencyiinformationiinithe 

depthimapiimageidomain.iUsually,itheseidetailsicorresponditoitheiboundariesiof 

theiobjectsiinitheiscene. 

 

Loss L: 
 

Foritheitrainingiofiourinetwork,iweidefineitheilossiLibetweeniyiandiy^ 
 

asitheiweightedisumiofithreeilossifunctions: 
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L1 loss 
 

TheifirstilossiLdepthitermidepthiisitheipoint-wiseiL1ilossidescribedibyitheidepth 

values: 
 
 
 
 
 

 

TheisecondilossitermiLgradiisitheilossiofiL1idefinedibyitheiimageigradientigiofithe 

depth map: 
 

L2 loss 
 

SecondiLgradilossiisitheiL1ilossidefinedibyitheigradientigiforitheiimageidepth: 
 
 
 
 
 
 
 
 

 

where theidifferenceibetweenixiandiyicomponentsiforidepthigradientsiofiyiandi 

y^iisideterminedibyigxiand gy. 
 

Structural Similarity (SSIM) Loss 
 

LSSIMiusesitheitermi"StructuraliSimilarity"i(SSIM)[47]iwhichiisiaicommonlyiusedi

metriciforiimageireconstructionitasks. 
 
 
 
 
 

 

NoteithatiweionlyidefineiaiweightiparameteriλiforitheilossitermiLdepth.iIn 

empiricaliterms,iweihaveiidentifiediandiestablishediλi=i0:1iasiaireasonable 

weightiforithisiterm. 

 
 
 
 
 
 
 

 

58 



 

 
 
 
 

Chapter 5: Experimental Results 
 

5.1. Environment 
 

 

Nextiaidescriptioniofitheiareaiiniwhichitheiexperimentiwasiperformediisiprovided 

forireferenceiandireproducibilityipurposes.iModelsiwereitestedionianiNVIDIA 

GeForceiGTXi1080igraphicsicardi(8iGBiofiMemory)ionitheisameidesktop 

computer.iMonodepthiasiruniusingiTensorFlowi[55],iaiGoogle-developedisoftware 

libraryiforimachineilearningiandineuralinetworkiresearch. 
 

Hardwareienvironment 
 

GPU GeForceiGTXi1080 
SoftwareiEnvironment 

Programmingilanguage Pythoni3.6i+iAnaconda(Spyderi4.0) 
Framework Tensorflowi1.9.0 

   

Tablei5.1iSummaryiofioperationalienvironment 

 

5.2.iPre-Trained Models 
 

 

Monodepthiimplementationiprovideiopenisourceipre-trainedimodelsiforithose 

attemptingitoireplicateitheiriexperiments.iThatiis,itheiauthorsihaveialreadyidonei 

trainingionilargeidataisets,iandiaimodelihasibeeniselectediasitheibestiperformeri 

foriaigivenidataset.iTheibestiweightsicanibeiapplieditoitheinetworkiwithiaipre-

trainedimodelisuchithatitheidepthiinferenceicanibeideterminediwithoutitheineed 

forinetworkiretraining,iaiveryichallengingimethodidueitoitheihighicomplexityiof 

convolutionalineuralinetworkiarchitecture. 
 

Onlyitwoipretrainedimodelsiareiavailable:ioneitrainedionitheiNYUiDepthiV2 

datasetianditheiotheritrainedionitheiKITTIidataset.iAidescriptioniofitheipretrained 

modelsiavailableiisigiveniinitheitableibelow: 
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Name Dataset Description Fine-tuned 

NYU NYUiDepthiV2 Interior,iRooms NO 
    

KITTI KITTI Exterior,icityiroad NO 
     

Table 5.2 Summaryiofiavailableipre-trainedimodels 
 

 

Pretrainedimodelsiareiexpecteditoidoibetteritoiextractidepthifromiimagesitakeniini 

similarienvironmentsiasitheidatasetiuseditoitrainitheimodels.iForiexample,iusing 

theimodelsitrainediwithiKITTIioriCityscapesiwouldibeibetteriforitheitaskiofidepth 

perceptioniinianiautonomousivehicleidrivingithroughiaicity.iHowever,iEIGENior 

NYUiDepthiV2iareimoreisuitableifori3Direconstructioniorinavigationiofiinteriors. 
 

5.3. Results 
 

 

Inithisisection,iaiquantitativeiandiqualitativeianalysisiusingidatasetiimagesihas 

beenidone.iColor-codedimapsiofitheidepthi/idisparityiofithisimodeliareipresentedi 

withitheiplasmaicolorimapiasishownibelowiinifigurei5.1. 
 
 
 
 
 

Figure 5.1 Plasma colorimap 
 

 

Availableiinitwoipre-trainedimodels,ioneiusingiKITTIidatasetianditheiotheriusing 

NYUiv2idataicollection.iTheibestiresultsiwereiobtainedibyiusingitheiNYUipre-

trained modelitoiextractidepthimapsifromiroadsiandicities.iTheibestiresultsifrom 

thisiexperimenticanibeiseeniinitheifollowingifigureiwithitheimonoculariinput 

imageithatiwasifeditoitheialgorithm.iTheifollowingifigureidisplaysitheibestidepthi

maps,ialongiwithitheicorrespondingimonoculariinputs,ifromitheirandomicollection

iofiindooriimages. 
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Figure 5.2 Results from Dense Depth using NYU pre-trained model 
 
 

 

DenseiDepthiisicapableiofiextractingidepthiinformationifromitheseihigh-detailed, 

monoculariindooriimagesithaticanibeiseeniinimanyifeaturesisuchiasitheiboundary 

ofitheiobjectianditheimanyilevelsiofitheidepthiofitheirealiworldithatiitidisplays. 

 

5.3.1. Training and testing Results on depth estimation 
models 

 

 

Ouriarchitectureiisicapableiofiextractingidepthiinformationifromitheseihigh-

detailed,imonoculariindooriimages,iwhichicanibeiseeniinimanyifeaturesisuchias 

theiboundaryiofitheiobjectianditheimanyilevelsiofitheidepthiofitheirealiworld. 
 

DenseiDepthiwasitrainediiniai50iKisampleiofiNYU-v2idataiset.iTheiinputiwasia 

640x480iresolutioniRGBiimageianditheioutputiwasiai320ixi240iresolutionidepth 

map.iTheimodeliwasitrainediiniKerasiusingitheiAdamioptimiser. 
 

EvenithoughiResNetihasishownigreatiresults,iainumberiofiotherinetworksiexisti 

thaticanibeiuseditoiextractifeaturesiandimayifunctionibetteriforithisispecificitask. 

DenseNet,iproposedibyiHuangietial.i[42],iisiaiveryilargeibutinarrowinetworkito 

whichiallilayersiareidirectlyiconnected.i--ilayerireceivesiinputsifromialliprevious 

layersiiniDenseNet,ianditransfersiitsiownifeatureimapsitoiallifutureilayers.iIt 

ensuresioptimaliflowiofiknowledgeibetweenilayers,iandieaseitraining.iThe 
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featureimapsiiniDenseNetiareiconcatenatediinicomparisonitoiResNet,iiniwhichithe 

featuresiareisummeditogether. 
 

SinceiDenseNetiimprovesitheiflowiofiinformation,istrengthensitheipropagationiof 

theifeatureithroughitheinetwork,iandiusesiaitypeiofiskip-connectionsisimilarito 

thoseiprovediusefuliiniResNet,iDenseNetiwasiassumeditoihaveipotentialiasiaigood

iextractorifeature.iAtitheisameitime,iusingiDenseNetiinsteadiofiResNetiwill 

decreaseitheinumberiofinecessaryiparameters.iResNetibackboneihas,itherefore, 

beenireplacediwithiDenseNet-201.Threeidifferentimodeliarchitectures 

i(Densenet169,201iandiresneti50)I haveibeenitrained: 
 

Training Results using Densenet 169 
 

 

1. AniimplementationiofitheiDensetNeti169iencoder.iThisimodelihas 

beenitrainedifori50iepochsi(2ihoursiperiepochioniNVIDIAi1080)ias 

showniinibelowifigures. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5.3 Epoch 1 training result using densenet169 
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Figure 5.4 Epoch 10 training result using densenet169  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5.5 Epoch 20 training result using densenet169  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5.6 Epoch 30 training result using densenet169 
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Figure 5.7 Epoch 40 training result using densenet169  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5.8 Epoch 50 training result using densenet169 

 

Training Results using Densenet 201 
 

 

2. AniimplementationiofiaiDenseNeti121iencoderiwhichihasifeweriparameters 

thaniDenseNeti169.iThisimodeliwasitrainedifori20iepochsi(2ihoursiperi 

epochioniGPU)iasivalidationilossihadistabilizedibyithisipoint. 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5.9 Epoch1 training result using densenet 201 
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Figure 5.10 Epoch5 training result using densenet 201  
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5.11 Epoch10 training result using densenet 201  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5.12 Epoch 15 training result using densenet 201  
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5.13 Epoch 20 training result using densenet 201 
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Training results using Resnet50 

 

3. ImplementingiaiResneti50iencoderiwithimoreiparametersithaniDenseNet 
 

169.Thisimodeliwasitrainedifori20iepochsi(2ihoursiperiepochioniGPU)iandi 

theitrainingiwasidiscontinuediasitheimodelihadibegunitoibeioverifitted. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5.14 Epoch 1 training result using Rsnet50  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5.15 Epoch 5 training result using Rsnet50  
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5.16 Epoch 10 training result using Rsnet50 
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Figure 5.17 Epoch 15 training result using Rsnet50  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5.18 Epoch 20 training result using Rsnet50 
 

 

In above figures we can see as the number of epochs are increases the fine details of 

depth maps becomes more visible. 
 

TestingiResultsiDuringitheitestiperiod,iweicalculateitheicompleteitestiimageidepth 

mapipredictioniandiThenimeasureibyi2itoisuititheigrounditruthiresolutioniandi 

testiEigenietial.ionitheicentericropipredefinedi[16].iAtitestitime,iweicalculateithei 

finaliperformanceibyitakingiaipicture'siaverageipredictioniandiitsimirroriimage 

prediction. 
 
 
 
 
 
 
 
 
 

 

Figure 5.19. Testing Results 
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5.4 Evaluation Results: 

 

Densenet169iperformanceiiniindooriscenariosiisisignificantlyibetterithanidensenet 

201iandiresnet50.iTheifollowingifigureishowsiaifewiexamplesiofitheidifferencei 

betweenitheioutputsiproducedibyitheithreeimethodsicompareditoitheiinput 

images.iThreeiperformanceimetricsiwereiusediinitheseiexperimentsitoievaluate 

densenet169,i201iandiResnet50iasishownibelowiinitablesi5.3,5.4iand 5.5. 

 

Epochs a1 a2 a3 Rel rms log_10 

1 0.7998, 0.9589, 0.9922, 0.1459, 0.5221, 0.0622 

2 0.8154, 0.9671, 0.9935, 0.1337, 0.5083, 0.059 

3 0.8250, 0.9678, 0.9933, 0.1307, 0.4892, 0.0577 

4 0.8309, 0.9697, 0.9936, 0.1301, 0.4899, 0.0569 

5 0.8422, 0.9718, 0.9931, 0.1268, 0.4711, 0.0548 

6 0.8389, 0.9712, 0.9930, 0.1303, 0.4719, 0.0551 

7 0.8350, 0.9711, 0.9936, 0.1266, 0.4783, 0.0555 

8 0.8383, 0.9713, 0.9935, 0.1263, 0.4736, 0.0548 

9 0.8331, 0.9691, 0.9930, 0.1268, 0.4868, 0.0561 

10 0.8386, 0.9709, 0.9935, 0.1272, 0.4741, 0.055 

11 0.8383, 0.9707, 0.9935, 0.1259, 0.4801, 0.0551 

12 0.8419, 0.9710, 0.9930, 0.1259, 0.4718, 0.0547 

13 0.8411, 0.9717, 0.9936, 0.1252, 0.4708, 0.0545 

14 0.8381, 0.9706, 0.9933, 0.1259, 0.4744, 0.0553 

15 0.8425, 0.9719, 0.9934, 0.1252, 0.4679, 0.0545 

16 0.8398, 0.9710, 0.9938, 0.1265, 0.4708, 0.0546 

17 0.8353, 0.9703, 0.9937, 0.1264, 0.4781, 0.056 

18 0.8417, 0.9720, 0.9936, 0.1248, 0.4691, 0.0542 

19 0.8418, 0.9722, 0.9937, 0.1259, 0.4678, 0.0542 

20 0.8347, 0.9706, 0.9932, 0.1266, 0.4782, 0.0556 

21 0.8369, 0.9707, 0.9932, 0.1261, 0.4768, 0.0552 

22 0.8383, 0.9705, 0.9935, 0.1265, 0.4720, 0.0547 

23 0.8381, 0.9702, 0.9933, 0.1267, 0.4741, 0.055 

24 0.8398, 0.9703, 0.9933, 0.1259, 0.4747, 0.0548 

25 0.8382, 0.9713, 0.9934, 0.1264, 0.4724, 0.0549 

26 0.8373, 0.9702, 0.9935, 0.1268, 0.4780, 0.0553 

27 0.8356, 0.9696, 0.9934, 0.1263, 0.4796, 0.0554 

28 0.8405, 0.9706, 0.9934, 0.1261, 0.4702, 0.0546 
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29 0.8368, 0.9699, 0.9932, 0.1255, 0.4785, 0.0549 

30 0.8380, 0.9699, 0.9935, 0.1262, 0.4761, 0.0552 

31 0.8390, 0.9698, 0.9931, 0.1262, 0.4771, 0.0549 

32 0.8372, 0.9699, 0.9929, 0.1265, 0.4775, 0.0551 

33 0.8357, 0.9689, 0.9930, 0.1264, 0.4840, 0.0558 

34 0.8412, 0.9704, 0.9932, 0.1264, 0.4712, 0.0545 

35 0.8388, 0.9703, 0.9935, 0.1260, 0.4740, 0.0549 

36 0.8384, 0.9702, 0.9931, 0.1265, 0.4744, 0.0553 

37 0.8386, 0.9702, 0.9933, 0.1265, 0.4765, 0.0551 

38 0.8359, 0.9690, 0.9928, 0.1268, 0.4818, 0.0555 

39 0.8394, 0.9702, 0.9931, 0.1265, 0.4738, 0.0548 

40 0.8359, 0.9695, 0.9933, 0.1265, 0.4788, 0.0556 

41 0.8363, 0.9690, 0.9929, 0.1261, 0.4826, 0.0555 

42 0.8409, 0.9705, 0.9930, 0.1252, 0.4724, 0.0546 

43 0.8381, 0.9692, 0.9933, 0.1266, 0.4774, 0.0554 

44 0.8392, 0.9687, 0.9931, 0.1264, 0.4784, 0.0551 

45 0.8380, 0.9696, 0.9935, 0.1262, 0.4766, 0.0551 

46 0.8393, 0.9700, 0.9935, 0.1268, 0.4733, 0.0548 

47 0.8377, 0.9684, 0.9931, 0.1261, 0.4769, 0.0552 

48 0.8388, 0.9695, 0.9935, 0.1259, 0.4760, 0.0551 

49 0.8372, 0.9687, 0.9933, 0.1264, 0.4814, 0.0555 

50 0.8405, 0.9697, 0.9933, 0.1272, 0.4695, 0.0545 
 

Table 5.3 Densenet169 Evaluation results on performance metrics  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5.20 
 
 

After 50th epoch results becomes decaying. Therefore, we stop on 50th epoch. 
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Epochs a1, a2, a3, rel, rms, log_10 

1 0.7449, 0.9542, 0.9904, 0.1811, 0.5855, 0.0717 

2 0.7845, 0.9564, 0.9911, 0.1437, 0.5576, 0.065 

3 0.8133, 0.9662, 0.9928, 0.1366, 0.5028, 0.059 

4 0.8168, 0.9665, 0.9932, 0.1369, 0.4952, 0.0587 

5 0.8205, 0.9660, 0.9928, 0.1321, 0.4952, 0.0581 

6 0.8187, 0.9673, 0.9930, 0.1342, 0.4955, 0.058 

7 0.8210, 0.9655, 0.9925, 0.1327, 0.4962, 0.0581 

8 0.8168, 0.9652, 0.9925, 0.1328, 0.5040, 0.0587 

9 0.8257, 0.9678, 0.9930, 0.1310, 0.4883, 0.0568 

10 0.8239, 0.9665, 0.9926, 0.1336, 0.4894, 0.0574 

11 0.8207, 0.9651, 0.9922, 0.1313, 0.4980, 0.0579 

12 0.8215, 0.9659, 0.9924, 0.1312, 0.4954, 0.0577 

13 0.8248, 0.9676, 0.9928, 0.1308, 0.4889, 0.0569 

14 0.8183, 0.9651, 0.9927, 0.1319, 0.5046, 0.0583 

15 0.8217, 0.9659, 0.9925, 0.1310, 0.4935, 0.0576 

16 0.8251, 0.9650, 0.9923, 0.1343, 0.4877, 0.057 

17 0.8232, 0.9660, 0.9922, 0.1322, 0.4927, 0.0579 

18 0.8250, 0.9672, 0.9928, 0.1309, 0.4876, 0.0569 

19 0.8300, 0.9677, 0.9923, 0.1310, 0.4843, 0.0565 

20 0.8241, 0.9663, 0.9924, 0.1306, 0.4909, 0.057 
 

Table 5.4 Densenet 201 Evaluation results on performance metrics  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5.21 
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Epochs a1, a2, a3, rel, rms, log_10 

1 0.7363, 0.9379, 0.9850, 0.1674, 0.5920, 0.0731 
       

2 0.7501, 0.9424, 0.9870, 0.1673, 0.5799, 0.0710 
       

3 0.7622, 0.9485, 0.9884, 0.1586, 0.5683, 0.0685 
       

4 0.7645, 0.9492, 0.9887, 0.1587, 0.5607, 0.0679 
       

5 0.7701, 0.9483, 0.9874, 0.1592, 0.5589, 0.0674 

6 0.7781, 0.9511, 0.9891, 0.1574, 0.5417, 0.0659 
       

7 0.7644, 0.9463, 0.9885, 0.1590, 0.5698, 0.0686 
       

8 0.7761, 0.9514, 0.9896, 0.1562, 0.5427, 0.0661 
       

9 0.7744, 0.9504, 0.9895, 0.1551, 0.5516, 0.0667 

10 0.7689, 0.9491, 0.9895, 0.1549, 0.5635, 0.0675 
       

11 0.7736, 0.9489, 0.9891, 0.1543, 0.5596, 0.0670 
       

12 0.7788, 0.9513, 0.9893, 0.1535, 0.5463, 0.0659 
       

13 0.7733, 0.9487, 0.9889, 0.1543, 0.5591, 0.0672 
       

14 0.7694, 0.9484, 0.9892, 0.1559, 0.5628, 0.0677 
       

15 0.7773, 0.9505, 0.9894, 0.1563, 0.5450, 0.0661 
       

16 0.7797, 0.9497, 0.9890, 0.1557, 0.5470, 0.0660 
       

17 0.7698, 0.9485, 0.9891, 0.1550, 0.5580, 0.0676 
       

18 0.7817, 0.9496, 0.9887, 0.1542, 0.5410, 0.0656 
       

19 0.7828, 0.9506, 0.9882, 0.1562, 0.5368, 0.0653 
       

20 0.7731, 0.9477, 0.9884, 0.1572, 0.5558, 0.0670 
       

 

Table 5.5 Resnet50 Evaluation results on performance metrics 
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Figure 5.22 
 

 

DenseNet 169 model performs better than DenseNet121 and ResNet 50 as seen in 

the figure below. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5.23 Comparison of 3 models on the basis of RMS 
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Weiuseithreeidifferentimetricsitoicompareithreeimodelsi(i.eiDenseneti169i,i201iand 

resnet50i)ioutput—iaverageirelativeierrori(rel)iinipredictediandiactualidepth, 

RMSEi(rms)i—irootimeanisquareierroriiniactualiandipredictedidepth,iandiaverage 

logierrori(log)ibetweenitheitwoidepthsiandithresholdiofiaccuraciesi(Ai)iforiAi<thr 

(forithri=i1.25,1.252,1.253)asishowniiniTablei5.6.iForiallithoseimetrics,ilowerivalues 

implyiaistrongerimodeliasishowniiniFigure 5.19. 

 

A1 A2 A3 Rel Rms Log_10 
      

0.8471 0.9731 0.9937 0.1234 0.4678 0.0535 
      

 

Table 5.6. Accuracies1, 2, 3, relative error, root mean square and logarithmic 
 

 

 Previous Papers Ours Model 
    

Parameters Lee 63M 42.6M 

 DORN 123.4M  

 Laina 218 M  
   

Training data 120kSamples(DORN) 50K Samples 
    

RMSE Dorn 2.727 0.4678 

 Laina 0.573  

 Eigen 7.156  
   

Threshold Accuracy DORN (0.964) 0.9937 

 Laina (0.967)  
   

Depth Map Resolution Santos 120x160 320x420 

 Laina 160x128  
   

Training Iterations Dorn 3M 750K(15 Epochs) 

 Laina 5M  
    

 

Table 5.7. Comparison of our model with previously published papers 
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WeicompareitheimodeliperformanceiinitermsiofirmsiwithiLaina,iEigenietial, 

GodardietialiandiFuietial.iAsishowniinitablei5.6ioursimodelidenseneti169igive 

lowestirmsivalueiwhichiimpliesithatidensenet169imodeliisistronger. 

 
 

Here,areitheivisualiresutsiofidensenet169imodelioniimagesifromiCityScapes 

datasetiareipresented.NoteithatiourimodelihadionlyibeenitrainedioniNYUiv2i 

depth dataset not on CityScape,it also gives acceptable results on cityscape dataset 

that is rms=0.5224 which is nearest to our model value. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5.24 Testing results on CityScape dataset 
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Previous papers RMS A1 A2 A3 
     

Godard 5.093 0.879 0.962 0.989 
     

Dungbo Min 3.162 0.901 0.969 0.986 
     

Ours Model 0.5224 0.7845 0.9564 0.9911 
     

 

Table 5.8 Result comparison of our model with previous work done on images from 
CityScapes dataset 
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Chapter 6: Conclusion and Future work 
 

In this section conclusion and future work is discussed. 
 

6.1 Conclusion 
 

 

Forithisithesisitheiquestioniofimonocularidepthiestimationiwasiinvestigated,I 

whichiwasiilliposed.problem.iThisistudyipresentsiainovel,ideepiconvolutional 

neuralinetwork,iwhichipredictsidepthifromimonoculariRGBiimagesibyideploying 

aniencoder-decoderiframeworkitoisolveitheiissue.iTheisuggestedinetwork 

architectureiisiinspiredibyistate-of-the-artinetworksiestimatingitheidepth.iThe 

networkiachievesiresultsicomparableitoitheistate-ofi-ithe-artimethodsionitheiNYU 

V2idatasetibyiintegratingidilatediconvolutionsitoicaptureicontextiatidifferent 

scales,iskip-connectionsitoirecoverihighilevelidetails,iandiReLUiactivationsito 

improveimodelifitting. 

 

 

Weihaveipresentediaiconvolutionalineuralisystemiforiestimatingidepth 

mapiofiindividualiRGBiimagesithroughitheiuseiofirecentidevelopment 

iniarchitectureiofinetworkiandihigh-performanceipre-trainedimodel 

availability. 

 

 

We haveiaipipelineiforiaistrongiDepthiEstimationimodelithatiis 

simpleiandieasyitoilearn.iAiDenseNetiencoderiwithifeweriparameters 

wasiintroduced.iWeiuseithreeidifferentimetricsiforicompareimodel 

performance.iTheilowerivaluesiindicateiaistrongerimodeliforiallithese metrics. 
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Toisummarize,itheimainigoaliwasiachievedi(obtainingiaidepthimapifromiaisingle 

RGBiimage).iItiwasipossibleiatitheiwritingiofithisithesisithanksitoitheiotherisub-

objectivesidevelopediandicompleted.iSomeipotentialifutureilinesiofifurther 

researchilinkeditoimonocularidepthiperceptioniareipresentediandiaddressediinithe 

nextiandifinalisectionibasedionitheiresultsiobtainediduringithisireview. 

 

6.2 Future Work 
 

 

The computer visioniareaiisicontinuallyideveloping,iimprovingiandidiscovering 

newimethods,isolutionsiandiapplicationsiforitheimostiimportantitasksiinitheiarea. 

Theichallengeiofiextractingi3Diinformationifromiaisingleiimageiisiaifascinating 

lineiofiresearchiforifutureirelatediwork. 

 

 

Weiplanitoifindingiimprovedidataiaugmentationipoliciesianditheiriprobabilityii 

valuesiiforitheiproblemiofidepthiestimationiisianiinterestingitopiciforifuturei 

work.[48] 
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