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ABSTRACT 

 

 

Facialo keyo pointso includeo centerso ando cornerso ofo theo eyes,o eyebrows,o noseo ando 

mouth,o amongo othero facialo features.o Ouro methodologyo involveso fouro stepso too 

producingo ouro outputo predictions.o Theo firsto stepo involveso numbero ofo trainingo timeo 

datao augmentationo techniqueso too expando theo numbero ofo trainingo examples,o ando 

generalizabilityo ofo ouro model.o Foro theo secondo stageo weo willo discusso ao numbero ofo 

convolutiono neuralo networkso weo trained,o witho theo besto architectureso derivedo fromo 

formero LeNeto ando VGGo Neto models.o o Attesto time,o weo willo discusso ouro approacho 

ofo againo usingo datao augmentationo techniqueso too produceo ao compositeo ofo imageso 

fromo ao singleo testo image,o allowingo foro averagedo predictions.o Lastly,o weo useo ao 

weightedo ensembleo ofo modelso too makeo ouro finalo keyo pointso predictions.o Weo 

evaluateo ouro deferento modelo architectures,o witho ando withouto datao augmentationo 

techniqueso basedo ono theiro Rooto Meano Squaredo Erroro scoreso theyo produceo ono theo 

testo set.o 3Do faceo recognitiono haso becomeo ao trendingo researcho directiono ino botho 

industryo ando academia.o Ito inheritso advantageso fromo traditionalo 2Do faceo recognition,o 

sucho aso theo naturalo recognitiono processo ando ao wideo rangeo ofo applications.o 

Moreover,o 3Do faceo recognitiono systemso couldo accuratelyo recognizeo humano faceso 

eveno undero dimo lightso ando witho varianto facialo positionso ando expressions,o ino sucho 

conditionso 2Do faceo recognitiono systemso wouldo haveo immenseo difficultyo too operate.o 

Thiso papero summarizeso theo historyo ando theo mosto recento progresseso ino 3Do faceo 

recognitiono researcho domain.o Theo frontiero researcho resultso areo introducedo ino threeo 

categories:o pose-invarianto recognition,o expression-invarianto recognition,o ando occlusion-

invarianto recognition.o 



1 
 

CHAPTER 1 

(INTRODUCTION) 

 

 

1.1 INTRODUCTION 

Witho theo fasto developmento ino computero visiono area,o moreo ando moreo 

researcho workso ando industryo applicationso areo focusedo ono facialo keyo pointo 

detection.o Detectingo keyo pointso ino giveno faceo imageo wouldo acto aso ao 

fundamentalo parto ofo manyo applications,o includingo facialo expressiono ono 

classification,o facialo alignment,o trackingo faceso ino videoso ando alsoo applicationso 

ino medicalo diagnosis.o Thus,o howo too detecto facialo keyo pointso botho fasto ando 

accuratelyo too useo ito aso ao preprocessingo procedureo haso becomeo ao bigo 

challenge. 

Thereo areo twoo maino challengeso foro facialo keyo pointso detection,o oneo iso thato 

facialo featureso haveo greato varianceo betweeno differento peopleo ando differento 

externalo factors,o theo othero iso thato weo haveo too reduceo timeo complexityo too 

achieveo realo timeo keyo pointso detection. 

Ouro primaryo motivationo foro thiso projecto waso outo interesto ino applyingo deepo 

learningo too significanto problemso witho relevanto uses.o Theo applicationso ofo thiso 

researcho areo numerouso ando significant,o includingo facialo expressiono analysis,o 

biometrico oro facialo recognition,o medicalo diagnosiso ofo facialo disfiguremento ando 

eveno trackingo ofo lineo ofo sight.o Theo ideao weo areo weo areo workingo towardso 

solvingo ano openo ando importanto problemo witho allo theseo possibleo applicationso 

greatlyo inspiredo us.o Weo speciallyo choseo theo Facialo keyo pointo detectiono 

Kaggleo competitiono becauseo ito gaveo uso ampleo opportunityo too experimento witho 

ao wideo varietyo ofo approacheso ando neutralo neto modelso too solveo ano otherwiseo 

straightforwardo problemo ofo localization.o Theo competitiono elemento alsoo allowedo 

uso too benchmarko ouro resultso againsto theo greatero community,o ando compareo theo 

electivenesso ofo ouro methodso againsto alternatives.o Lastly,o weo wereo motivatedo 

byo theo inherento challengeso associatedo witho theo problem.o Detectingo facialo keyo 

pointso iso ao challengingo problemo giveno variationo ino botho facialo featureso aso 

wello aso imageo conditions.o Facialo featureso dicero accordingo too size,o position,o 

poseo ando expression,o whileo imageo conditiono varieso witho illuminationo ando 

viewingo angle.o Theseo abundanto variations,o ino combinationo witho theo necessityo 

foro highlyo accurateo coordinateo predictionso (e.g.o theo exacto cornero ofo ano eye)o 

leado uso too believeo ito wouldo beo ao deepo ando interestingo topic. Ino humano 

identificationo scenarios,o facialo metricso areo moreo naturallyo accessibleo thano manyo 



2 
 

othero biometrics,o sucho aso iris,o fingerprint,o ando palmo print.o Faceo recognitiono 

iso alsoo highlyo valuableo ino humano computero interaction,o accesso control,o videoo 

surveillance,o ando manyo othero applications.o Althougho 2Do faceo recognitiono 

researcho madeo significanto progresseso ino recento years,o itso accuracyo iso stillo 

highlyo dependedo ono lighto conditionso ando humano poses.o Wheno theo lighto iso 

dimo oro theo faceo poseso areo noto properlyo alignedo ino theo camerao view,o theo 

recognitiono accuracyo willo suffer.o Theo fasto evolutiono ofo 3Do sensorso revealso ao 

newo patho foro faceo recognitiono thato couldo overcomeo theo fundamentalo 

limitationso ofo 2Do technologies.o Theo geometrico informationo containedo ino 3Do 

facialo datao couldo substantiallyo improveo theo recognitiono accuracyo undero 

conditionso thato areo difficulto foro 2Do technologies.o Manyo researcherso haveo 

turnedo theiro focuseso too 3Do faceo recognitiono ando madeo thiso researcho areao ao 

newo trend. 

Ao generalo worko flowo foro 3Do faceo recognitiono iso showno below.o Theo worko 

flowo couldo beo decomposedo intoo twoo phaseso ando fiveo stages.o Ino theo trainingo 

phase,o 3Do faceo datao areo acquiredo ando theno preprocessedo too obtaino “clean”o 

3Do faces.o Theno theo datao areo processedo byo featureo extractiono algorithmso too 

findo theo featureso thato couldo beo usedo too differentiateo faces.o Theo featureso ofo 

eacho faceo areo theno storedo intoo theo featureo database.o Ino theo testingo phase,o 

theo targeto faceo goeso througho theo acquisition,o preprocessing,o ando featureo 

extractiono stageso thato areo identicalo too theo stageso ino theo trainingo phase.o Ino 

theo featureo matchingo stage,o theo featureso ofo theo targeto faceo areo comparedo 

witho theo faceso storedo ino theo featureo databaseo ando calculateo theo matcho scores.o 

Wheno ao matcho scoreo iso sufficientlyo high,o weo wouldo claimo thato theo targeto 

faceo iso recognized. 

 

Figure1: General Flowchart 
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1.2 OBJECTIVES 

Ino recento times,o ito iso majorlyo seeno ino mosto ofo theo datao scienceo projectso 

whicho includeo ao loto ofo AI-generatedo people,o whethero ito iso ino papers,o blogs,o 

oro videos.  

In this project, facial key points also known as facial landmarks are the small magenta         

dots shown on each of the faces. In each training and testing image, there is an single face 

and 68 key-points, with coordinates (x, y) for the face. Theseo key-pointso marko 

importanto areaso ofo theo face:o ino theo yes,o cornerso ofo theo mouth,o theo nose,o etc. 

 

 

1.3 PROBLEM STATEMENT 

Thiso tasko iso ao currentlyo active,o designatedo too kaggleo competition.o Theo 

problemo iso essentiallyo too predicto theo nearo exacto coordinateo locationso ofo 

pointso ono ano imageo ofo ao face.o Giveno 15o facialo points,o thereo areo 30o 

numericalo valueso thato weo needo too predict:o ao 2Do (x,o y)o coordinateo 

representationo foro eacho facialo point.o Theo losso iso calculatedo aso theo totalo rooto 

meano squareo erroro thato iso RMSE,o ano electiveo measureo ofo theo derivationso ino 

distanceso betweeno theo 15o realo ando predictedo facialo pointo coordinates.o  

Ouro approacho involveso theo useo ofo deepo learningo ando convolutiono neuralo 

networkso too predicto theo xo ando yo coordinateso ofo ao giveno keyo pointo classo ino 

animateo containingo ao singleo face.o Therefore,o aso showno belowo ino theo figure,o 

ouro greyo scaleo imageo fromo theo dataseto (96x96x1),o ando ouro outputo iso 30o 

floatingo pointo valueso betweeno 0.0o ando 96.0,o indicatingo whereo ono theo imageo 

theo correspondingo xo ando yo coordinateso areo foro ao giveno keyo pointo feature.o 

Belowo areo exampleo inputso (firsto row)o ando theo outputo (secondo row). 

 

Figure2 

1.4 METHODOLOGY 
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 How does CNN works? 

Considero anyo image,o aso eacho imageo representso someo pixelo value,o weo analyzeo 

theo influenceo ofo nearbyo pixelso ino ano imageo byo usingo somethingo calledo ao 

filter,o alsoo calledo aso weights,o kernelo oro features.o Filterso areo tensoro whicho 

keepso tracko ofo spatialo informationo ando learnso too extracto featureso likeo edgeo 

detection,o smootho curve,o etco ofo objectso ino somethingo calledo ao convolutiono 

layer.o Theo majoro parto iso too detecto edgeso ino theo imageso ando theseo areo 

detectedo byo theo filters.o Ito helpso too filtero outo theo unwantedo informationo too 

amplifyo images.o Theseo areo higho passo filterso whereo theo changeso occuro ino 

intensityo veryo quicklyo likeo froo blacko too whiteo pixelo ando viceo versa. 

 

Figure3: Basic CNN structure 

 

 

Figure4: Filtered images – flowchart 

 

Let us consider an image size 5x5 size and 3 filters (since each filter will be used for each 

colour channel RGB) of 3x3 size.  
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Figure5 

 

For simplicity, we took 0 and 1 for filters, usually, these are continuous values. The filter 

convolute with the image to detect patterns and features.  

 

Figure6: Convolution process 
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Theno theo convolutiono ofo 5o xo 5o imageo matrixeso multiplieso witho 3o xo 3o filtero 

matrixeso whicho iso calledo “featureo Map”.o Weo applyo theo doto producto too scalaro 

valueo ando theno moveo theo filtero byo theo strideo overo theo entireo image.o  

Sometimes filter does not fit perfectly in the input image. In that case we pad the image 

with zeros as shown below. This is called padding. 

Next, we need to reduce the size of the image, if they are too large. Pooling layers section 

would reduce the number parameters when the images are too large.  

 

Figure7: Pooling the layers 

 

As shown in the above image, the padding is applied so that the filter perfectly fits the 

given image. Adding pooling layer then decrease the size of the image and hence decrease 

the complexity and computations. 

Nexto stepo iso Normalization.o Usuallyo ano activationo functiono ReLuo iso used.o 

Reluo standso foro rectifiedo linearo unito foro ao nono linearo operation. 
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Theo outputo iso f(x)o =o max(0,x).o Theo purposeo ofo Reluo iso too addo nono 

linearityo too theo convolutiono network.o Ino usualo cases,o theo realo worldo datao 

wanto ouro networko too learno o nono linearo values. 

Ao rectifiedo linearo unito haso outputo 0o ifo theo inputo iso lesso thano 0,o ando rawo 

outputo otherwise.o Thato is,o ifo theo inputo iso greatero thano 0,o theo outputo iso equalo 

too theo input.o Hereo weo areo assumingo thato weo haveo negativeo valueso sinceo 

dealingo with the real world data. In case, if there is no negative value, you can skip this 

part. 

 

Figure8 

 

The final step is to flatten our matrix and feed the values to fully connected layer. 

 

 

Figure9 

 

Next, we need to train the model in the same way we train other neural networks. Using 

the certain number of epochs and then back-propagate to update weights and calculate the 

loss. 
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Overall Structure of CNN 

 

Figure10 : structure of CNN 

 

Using the above diagram we know, that there are: 

1. Convolution layer where convolution takes place 

2. Pooling layer where the pooling process happens. 

3. Normalization usually with use of ReLu 

4. Fully connected layer 

 

 

1.5 SCOPE 

3Do faceo recognitiono technologyo haso beeno appliedo ino manyo fields,o sucho aso 

accesso controlo ando automatico driving.o Theo iPhoneo Xo useso Faceo ID,o 

technologyo thato unlockso theo phoneo byo usingo infraredo ando visibleo lighto scanso 

too uniquelyo identifyo youro face.o Ito workso ino ao varietyo ofo conditionso ando iso 

extremelyo secure.o Ino theo worldo ofo autonomouso driving,o theo autopiloto needso 

too manageo theo hand-overo betweeno theo automatedo ando theo manualo modes.o Too 

haveo ao smootho hand-over,o ito iso importanto too makeo sureo thato theo drivero iso 

alerto ando readyo too takeo controlo ofo theo caro beforeo theo autopiloto iso 

disengaged.o Too haveo ao smootho transitiono betweeno modeso ofo operation,o 

Omrono introduceso 3Do facialo recognitiono technologyo thato detectso ao drowsyo oro 

distractedo driver.o Consideringo theo facto thato oneo outo ofo everyo sixo caro 

accidentso iso attributedo too ao drowsyo oro distractedo driver,o theo technologyo cano 

haveo ao hugeo impacto eveno ono theo safetyo ofo manualo driving. 
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CHAPTER 2 

(LITERATURE REVIEW) 

 

Whato weo haveo triedo too accomplisho hereo iso too createo modelso sucho aso Multi-layero 

Perceptrono o ando Convolutionalo Neuralo Networko (CNN)o ino ordero too detecto facialo 

keypointso ando theno too beo theo judgeo ofo howo wello theyo perform,o howo imageo 

augmentationo iso done,o howo too createo datao loadingo ando processingo ando ato lasto howo 

too traino ando deployo modelso witho theo useo ofo PyTorch. 

 

2.1)  MULTI-LAYER PERCEPTRON NEURAL NETWORKS 

Artificialo neuralo networkso areo ao fascinatingo areao ofo study,o althougho theyo cano beo 

intimidatingo wheno justo gettingo started.o Thereo areo ao loto ofo specializedo terminologieso 

usedo wheno describingo theo datao structureso ando algorithmso usedo ino theo field.o Ino thiso 

reviewo we’llo understando theo terminologyo ando processeso usedo ino theo fieldo ofo multi-

layero perceptrono artificialo neuralo networks: 

● The building blocks of neural networks including neurons, weights and activation 

functions. 

● How the building blocks are used in layers to create networks. 

● How networks are trained from example data. 

We are going cover the following topics: 

1. Multi-Layer Perceptrons. 

2. Neurons, Weights and Activations. 

3. Networks of Neurons. 

4. Training Networks. 

 

1. Multi-Layer Perceptrons 

Theo fieldo ofo artificialo neuralo networkso iso ofteno justo calledo neuralo networkso oro multi-

layero perceptronso aftero perhapso theo mosto usefulo typeo ofo neuralo network.o Ao 

perceptrono iso ao singleo neurono modelo thato waso ao precursoro too largero neuralo 



10 
 

networks.o Ito iso ao fieldo thato investigateso howo simpleo models of biological brains can be 

used to solve difficult computational tasks like the predictive modeling tasks we see in machine 

learning. The goal is not to create realistic models of the brain, but instead to develop robust 

algorithms and data structures that we can use to model difficult problems. The power of neural 

networks comes from their ability to learn the representation in your training data and how to best 

relate it to the output variable that you want to predict. In this sense neural networks learn a 

mapping. Mathematically, they are capableo ofo learningo anyo mappingo functiono ando haveo 

beeno proveno too beo ao universalo approximationo algorithm.o Theo predictiveo capabilityo ofo 

neuralo networkso comeso fromo theo hierarchicalo oro multi-layeredo structureo ofo theo 

networks.o Theo datao structureo cano picko outo (learno too represent)o featureso ato differento 

scaleso oro resolutionso ando combineo themo intoo higher-ordero features.o Foro exampleo 

fromo lines,o too collectionso ofo lineso too shapes. 

 

2. Neurons 

Theo buildingo blocko foro neuralo networkso areo artificialo neurons.o Theseo areo simpleo 

computationalo unitso thato haveo weightedo inputo signalso ando produceo ano outputo signalo 

usingo ano activationo function. 

 
Figure11: Model of a Simple Neuron 

 

Neuron Weights 

Youo mayo beo familiaro witho linearo regression,o ino whicho caseo theo weightso ono theo 

inputso areo veryo mucho likeo theo coefficientso usedo ino ao regressiono equation.o Likeo 

linearo regression,o eacho neurono alsoo haso a biaso whicho cano beo thoughto ofo aso ano 

inputo thato alwayso haso theo valueo 1.0o ando ito tooo musto beo weighted.o Foro example,o 

ao neurono mayo haveo twoo inputso ino whicho caseo ito requireso threeo weights.o Oneo foro 

eacho inputo ando oneo foro theo bias.o Weightso areo ofteno initializedo too smallo randomo 

values,o sucho aso valueso ino theo rangeo 0o too 0.3. 
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Activation 

Theo weightedo inputso areo summedo ando passedo througho ano activationo function,o 

sometimeso calledo ao transfero function.o Ano activationo functiono iso ao simpleo mappingo 

ofo summedo weightedo inputo too theo outputo ofo theo neuron.o Ito iso calledo ano activationo 

functiono becauseo ito governso theo thresholdo ato whicho theo neurono iso activatedo ando 

strengtho ofo theo outputo signal.o Historicallyo simpleo stepo activationo functionso wereo usedo 

whereo ifo theo summedo inputo waso aboveo ao threshold,o foro exampleo 0.5,o theno theo 

neurono wouldo outputo ao valueo ofo 1.0,o otherwiseo ito wouldo outputo ao 0.0.o Traditionallyo 

non-linearo activationo functionso areo used.o Thiso allowso theo networko too combineo theo 

inputso ino moreo complexo wayso ando ino turno provideo ao richero capabilityo ino theo 

functionso they can model. Non-linearo functionso likeo theo logistico alsoo calledo theo sigmoido 

functiono wereo usedo thato outputo ao valueo betweeno 0o ando 1o witho ano s-shapedo 

distribution,o ando theo hyperbolico tangento functiono alsoo calledo tanho thato outputso theo 

sameo distributiono overo theo rangeo -1o too +1.o Moreo recentlyo theo rectifiero activationo 

functiono haso beeno showno too provideo bettero results. 

 

3. Networks of Neurons 

Neuronso areo arrangedo intoo networkso ofo neurons.o Ao rowo ofo neuronso iso calledo ao 

layero ando oneo networko cano haveo multipleo layers.o Theo architectureo ofo theo neuronso 

ino theo networko iso ofteno calledo theo networko topology. 

 

 

Figure12: Model of a simple network 

 

 

 



12 
 

Input or Visible Layers 

Theo bottomo layero thato takeso inputo fromo youro dataseto iso calledo theo visibleo layer,o 

becauseo ito iso theo exposedo parto ofo theo network.o Ofteno ao neuralo networko iso drawno 

witho ao visibleo layero witho oneo neurono pero inputo valueo oro columno ino youro dataset.o 

Theseo areo noto neuronso aso describedo above,o buto simplyo passo theo inputo valueo thougho 

too theo nexto layer. 

 

Hidden Layers 

Layerso aftero theo inputo layero areo calledo hiddeno layerso becauseo theyo areo noto directlyo 

exposedo too theo input.o Theo simplesto networko structureo iso too haveo ao singleo neurono 

ino theo hiddeno layero thato directlyo outputso theo value.o Giveno increaseso ino computingo 

powero ando efficiento libraries,o veryo deepo neuralo networkso cano beo constructed.o Deepo 

learningo cano refero too havingo manyo hiddeno layerso ino youro neuralo network.o Theyo areo 

deepo becauseo theyo wouldo haveo beeno unimaginablyo slowo too traino historically,o buto 

mayo takeo secondso oro minuteso too traino usingo moderno techniqueso ando hardware. 

 

Output Layer 

Theo finalo hiddeno layero iso calledo theo outputo layero ando ito iso responsibleo foro 

outputtingo ao valueo oro vectoro ofo valueso thato correspondo too theo formato requiredo foro 

theo problem. 

Theo choiceo ofo activationo functiono ino theo outputo layero iso stronglyo constrainedo byo 

theo typeo ofo problemo thato youo areo modeling.o Foro example: 

● Ao regressiono problemo mayo haveo ao singleo outputo neurono ando theo neurono 

mayo haveo noo activationo function. 

● Ao binaryo classificationo problemo mayo haveo ao singleo outputo neurono ando useo 

ao sigmoido activationo functiono too outputo ao valueo betweeno 0o ando 1o too 

represento theo probabilityo ofo predictingo ao valueo foro theo classo 1.o Thiso cano 

beo turnedo intoo ao crispo classo valueo byo usingo ao thresholdo ofo 0.5o ando snapo 

valueso lesso thano theo thresholdo too 0o otherwiseo too 1. 

● Ao multi-classo classificationo problemo mayo haveo multipleo neuronso ino theo outputo 

layer,o oneo foro eacho classo (e.g.o threeo neuronso foro theo threeo classeso ino theo 

famouso iriso flowerso classificationo problem).o Ino thiso caseo ao softmaxo activationo 

functiono mayo beo usedo too outputo ao probabilityo ofo theo networko predictingo eacho 
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ofo theo classo values.o Selectingo theo outputo witho theo highesto probabilityo cano beo 

usedo too produceo ao crispo classo classificationo value. 

 

4. Training Networks 

Onceo configured,o theo neuralo networko needso too beo trainedo ono youro dataset. 

 

Data Preparation 

You must first prepare your data for training on a neural network. Data must be numerical, for 

example real values. Ifo youo haveo categoricalo data,o sucho aso ao sexo attributeo witho theo 

valueso “male”o ando “female”,o youo cano converto ito too ao real-valuedo representationo 

calledo ao oneo hoto encoding.o Thiso iso whereo oneo newo columno iso addedo foro eacho 

classo valueo (twoo columnso ino theo caseo ofo sexo ofo maleo ando female)o ando ao 0o oro 

1o iso addedo foro eacho rowo dependingo ono theo classo valueo foro thato row. 

Thiso sameo oneo hoto encodingo cano beo usedo ono theo outputo variableo ino classificationo 

problemso witho moreo thano oneo class.o Thiso wouldo createo ao binaryo vectoro fromo ao 

singleo columno thato wouldo beo easyo too directlyo compareo too theo outputo ofo theo neurono 

ino theo network’so outputo layer,o othato aso describedo above,o wouldo outputo oneo valueo 

foro eacho class. 

Neuralo networkso requireo theo inputo too beo scaledo ino ao consistento way.o Youo cano 

rescaleo ito too theo rangeo betweeno 0o ando 1o calledo normalization.o Anotheroo popularo 

techniqueo o iso o too o standardizeo o ito o soo o thato o theo o distributiono o ofo eacho o 

columno o haso o theo o meano o ofo zeroo ando theo standardo deviationo ofo 1. 

Scalingo alsoo applieso too imageo pixelo data.o Datao sucho aso wordso cano beo convertedo 

too integers,o sucho aso theo popularityo ranko ofo theo wordo ino theo dataseto ando othero 

encodingo techniques. 

 

Stochastic Gradient Descent 

Theo classicalo ando stillo preferredo trainingo algorithmo foro neuralo networkso iso calledo 

stochastico gradiento descent.o Thiso iso whereo oneo rowo ofo datao iso exposedo too theo 

networko ato ao timeo aso input.o Theo networko processeso theo inputo upwardo activatingo 
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neuronso aso ito goeso too finallyo produceo ano outputo value.o Thiso iso calledo ao forwardo 

passo ono theo network.o Ito iso theo typeo ofo passo thato iso alsoo usedo aftero theo networko 

iso trainedo ino ordero too makeo predictionso ono newo data. 

Theo outputo ofo theo networko iso comparedo too theo expectedo outputo ando ano erroro iso 

calculated.o Thiso erroro iso theno propagatedo backo througho theo network,o oneo layero ato 

ao time,o ando theo weightso areo updatedo accordingo too theo amounto thato theyo contributedo 

too theo error.o Thiso clevero bito ofo matho iso calledo theo backo propagationo algorithm. 

Theo processo iso repeatedo foro allo ofo theo exampleso ino youro trainingo data.o Oneo roundo 

ofo updatingo theo networko foro theo entireo trainingo dataseto iso calledo ano epoch.o Ao 

networko mayo beo trainedo foro tens,o hundredso oro manyo thousandso ofo epochs. 

 

 

Weight Updates 

The weightso ino theo networko cano beo updatedo fromo theo errorso calculatedo foro eacho 

trainingo exampleo ando thiso iso calledo onlineo learning.o Ito cano resulto ino fasto buto alsoo 

chaotico changeso too theo network. 

Alternatively,o theo errorso cano beo savedo upo acrosso allo ofo theo trainingo exampleso ando 

theo networko cano beo updatedo ato theo end.o Thiso iso calledo batcho learningo ando iso ofteno 

moreo stable. 

Typically,o becauseo datasetso areo soo largeo ando becauseo ofo computationalo efficiencies,o 

theo sizeo ofo theo batch,o theo numbero ofo exampleso theo networko iso showno beforeo ano 

updateo iso ofteno reducedo too ao smallo number,o sucho aso tenso oro hundredso ofo 

examples.o Theo amounto thato weightso areo updatedo iso controlledo byo ao configurationo 

parametero calledo theo learningo rate.o Ito iso alsoo calledo theo stepo sizeo ando controlso theo 

stepo oro changeo madeo too networko weighto foro ao giveno error.o Ofteno smallo weighto 

sizeso areo usedo sucho aso 0.1o oro 0.01o oro smaller. 

The update equation can be complemented with additional configuration terms that you can set. 

● Momentumo iso ao termo thato incorporateso theo propertieso fromo theo previouso 

weighto updateo too allowo theo weightso too continueo too changeo ino theo sameo 

directiono eveno wheno thereo iso lesso erroro beingo calculated. 

● Learningo Rateo Decayo iso usedo too decreaseo theo learningo rateo overo epochso too 

allowo theo networko too makeo largeo changeso too theo weightso ato theo beginningo 

ando smallero fineo tuningo changeso latero ino theo trainingo schedule. 
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Prediction 

Onceo ao neuralo networko haso beeno trainedo ito cano beo usedo too makeo predictions.o Youo 

cano makeo predictionso ono testo oro validationo datao ino ordero too estimateo theo skillo ofo 

theo modelo ono unseeno data.o Youo cano alsoo deployo ito operationallyo ando useo ito too 

makeo predictionso continuously. 

Theo networko topologyo ando theo finalo seto ofo weightso iso allo thato youo needo too saveo 

fromo theo model.o Predictionso areo madeo byo providingo theo inputo too theo networko ando 

performingo ao forward-passo allowingo ito too generateo ano outputo thato youo cano useo aso 

ao prediction. 

 

 

2.2) A BRIEF HISTORY OF CONVOLUTIONAL NEURAL NETWORKS 

Convolutionalo neuralo networks,o alsoo calledo ConvNets,o wereo firsto introducedo ino theo 

1980so byo Yanno LeCun,o ao postdoctoralo computero scienceo researcher.o LeCuno hado 

builto ono theo worko doneo byo Kunihikoo Fukushima,o ao Japaneseo scientisto who,o ao fewo 

yearso earlier,o hado inventedo theo neocognitron,o ao veryo basico imageoo recognitionoo 

neuraloo network. 

Theo earlyo versiono ofo CNNs,o calledo LeNeto (aftero LeCun),o couldo recognizeo 

handwritteno digits.o CNNso foundo ao nicheo marketo ino bankingo ando postalo serviceso ando 

banking,o whereo theyo reado zipo codeso ono envelopeso ando digitso ono checks. 

Buto despiteo theiro ingenuity,o ConvNetso remainedo ono theo sidelineso ofo computero visiono 

ando artificialo intelligenceo becauseo theyo facedo ao seriouso problem:o Theyo couldo noto 

scale.o CNNso neededo ao loto ofo datao ando computeo resourceso too worko efficientlyo foro 

largeo images.o Ato theo time,o theo techniqueo waso onlyo applicableo too imageso witho lowo 

resolutions. 

Ifo youo comeo fromo ao digitalo signalo processingo fieldo oro relatedo areao ofo mathematics,o 

youo mayo understando theo convolutiono operationo ono ao matrixo aso somethingo different.o 

Specifically,o theo filtero (kernel)o iso flippedo prioro too beingo appliedo too theo input.o 

Technically,o theo convolutiono aso describedo ino theo useo ofo convolutionalo neuralo 
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networkso iso actuallyo ao “cross-correlation”.o Nevertheless,o ino deepo learning,o ito iso 

referredo too aso ao “convolution”o operation. 

 

2.3) CONVOLUTION IN COMPUTER VISION 

The idea of applying the convolutional operation to image data is not new or unique to 

convolutional neural networks; it is a common technique used in computer vision. 

Historically, filters were designed by hand by computer vision experts, which were then applied 

to an image to result in a feature map or output from applying the filter then makes the analysis of 

the image easier in some way. 

For example, below is a hand crafted 3×3 element filter for detecting vertical lines: 

0.0, 1.0, 0.0 

0.0, 1.0, 0.0 

0.0, 1.0, 0.0 

Applyingo thiso filtero too ano imageo willo resulto ino ao featureo mapo thato onlyo containso 

verticalo lines.o Ito iso ao verticalo lineo detector.o Youo cano seeo thiso fromo theo weighto 

valueso ino theo filter;o anyo pixelo valueso ino theo centero verticalo lineo willo beo positivelyo 

activatedo ando anyo ono eithero sideo willo beo negativelyo activated.o Draggingo thiso filtero 

systematicallyo acrosso pixelo valueso ino ano imageo cano onlyo highlighto verticalo lineo 

pixels. 

A horizontal line detector could also be created and also applied to the image, for example: 

0.0, 0.0, 0.0 

1.0, 1.0, 1.0 

0.0, 0.0, 0.0 

 

Combiningo theo resultso fromo botho filters,o e.g.o combiningo botho featureo maps,o willo 

resulto ino allo ofo theo lineso ino ano imageo beingo highlighted. A suite of tens or even hundreds 

of other small filters can be designed to detect other featureso ino theo image.o Theo innovationo 
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ofo usingo theo convolutiono operationo ino ao neuralo networko iso thato theo valueso ofo theo 

filtero areo weightso too beo learnedo duringo theo trainingo ofo theo network. 

Theo networko willo learno whato typeso ofo featureso too extracto fromo theo input.o 

Specifically,o trainingo undero stochastico gradiento descent,o theo networko iso forcedo too 

learno too extracto featureso fromo theo imageo thato minimizeo theo losso foro theo specifico 

tasko theo networko iso beingo trainedo too solve,o e.g.o extracto featureso thato areo theo mosto 

usefulo foro classifyingo imageso aso dogs or cats. 

 

Power of Learned Filters 

Learningo ao singleo filtero specifico too ao machineo learningo tasko iso ao powerfulo 

technique.o Yet,o convolutionalo neuralo networkso achieveo mucho moreo ino practice. 

 

Multiple Filters 

Convolutionalo neuralo networkso doo noto learno ao singleo filter;o they,o ino fact,o learno 

multipleo featureso ino parallelo foro ao giveno input.o Foro example,o ito iso commono foro ao 

convolutionalo layero too learno fromo 32o too 512o filterso ino parallelo foro ao giveno input. 

Thiso giveso theo modelo 32,o oro eveno 512,o differento wayso ofo extractingo featureso fromo 

ano input,o oro manyo differento wayso ofo botho “learningo too see”o ando aftero training,o 

manyo differento wayso ofo “seeing”o theo inputo data.o Thiso diversityo allowso specialization,o 

e.g.o noto justo lines,o buto theo specifico lineso seeno ino youro specifico trainingo data. 

 

 

 

 

Multiple Channels 

Coloro imageso haveo multipleo channels,o typicallyo oneo foro eacho coloro channel,o sucho 

aso red,o green,o ando blue.o Fromo ao datao perspective,o thato meanso thato ao singleo imageo 

providedo aso inputo too theo modelo is,o ino fact,o threeo images. Ao filtero musto alwayso 

haveo theo sameo numbero ofo channelso aso theo input,o ofteno referredo too aso “depth“.o Ifo 

ano inputo imageo haso 3o channelso (e.g.o ao deptho ofo 3),o theno ao filtero appliedo too thato 

imageo musto alsoo haveo 3o channelso (e.g.o ao deptho ofo 3).o Ino thiso case,o ao 3×3o filtero 
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wouldo ino facto beo 3x3x3o oro [3,o 3,o 3]o foro rows,o columns,o ando depth.o Regardlesso 

ofo theo deptho ofo theo inputo ando deptho ofo theo filter,o theo filtero iso appliedo too theo 

inputo usingo ao doto producto operationo whicho resultso ino ao singleo value.o Thiso meanso 

thato ifo ao convolutionalo layero haso 32o filters,o theseo 32o filterso areo noto justo two-

dimensionalo foro theo two-dimensionalo imageo input,o buto areo alsoo three-dimensional,o 

havingo specifico filtero weightso foro eacho ofo theo threeo channels.o Yet,o eacho filtero 

resultso ino ao singleo featureo map.o Whicho meanso thato theo depth of the output of applying 

the convolutional layer with 32 filters is 32 for the 32 feature maps created. 

 

 

Multiple Layers 

Convolutional layerso areo noto onlyo appliedo too inputo data,o e.g.o rawo pixelo values,o buto 

theyo cano alsoo beo appliedo too theo outputo ofo othero layers.o Theo stackingo ofo 

convolutionalo layerso allowso ao hierarchicalo decompositiono ofo theo input.o Considero thato 

theo filterso thato operateo directlyo ono theo rawo pixelo valueso willo learno too extracto low-

levelo features,o sucho aso lines.o Theo filterso thato operateo ono theo outputo ofo theo firsto 

lineo layerso mayo extracto featureso thato areo combinationso ofo lower-levelo features,o sucho 

aso featureso thato compriseo multipleo lineso too expresso shapes.o Thiso processo continueso 

untilo veryo deepo layerso areo extractingo faces,o animals,o houses, and so on.Thiso iso exactlyo 

whato weo seeo ino practice.o Theo abstractiono ofo featureso too higho ando highero orderso aso 

theo deptho ofo theo networko iso increased. 

 

 

2.4) THE LIMITS OF CONVOLUTIONAL NEURAL NETWORKS 

Despite theiro powero ando complexity,o convolutionalo neuralo networkso are,o ino essence,o 

pattern-recognitiono machines.o Theyo cano leverageo massiveo computeo resourceso too ferreto 

outo tinyo ando inconspicuouso visualo patternso thato mighto goo unnoticedo too theo humano 

eye.o Buto wheno ito comeso too understandingo theo meaningo ofo theo contentso ofo images,o 

theyo performo poorly. 

Considero theo followingo image.o Ao well-trainedo ConvNeto willo tello youo thato it’so theo 

imageo ofo ao soldier,o ao childo ando theo Americano flag.o Buto ao persono cano giveo ao 

longo descriptiono ofo theo scene,o ando talko abouto militaryo service,o tourso ino ao foreigno 

country,o theo feelingo ofo longingo for home, the joy of reuniting with the family, etc. Artificial 

neural networks have no notion of those concepts. 
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These limits become more evident in practical applications of convolutional neural networks. For 

instance, CNNs are now widelyo usedo too moderateo contento ono socialo mediao networks.o 

Buto despiteo theo vasto repositorieso ofo imageso ando videoso they’reo trainedo on,o theyo 

stillo struggleo too detecto ando blocko inappropriateo content.o Ino oneo case,o Facebook’so 

content-moderationo AIo bannedo theo photoo ofo ao 30,000-year-oldo statueo aso nudity.o 

Also,o neuralo networkso starto too breako aso soono aso theyo moveo ao bito outo ofo theiro 

context.o Severalo studieso haveo showno thato CNNso trainedo ono ImageNeto ando othero 

popularo datasetso failo too detecto objectso wheno theyo seeo themo undero differento lightingo 

conditionso ando fromo newo angles. 

ObjectNet,o o ao dataseto thato bettero representso theo differento nuanceso ofo howo objectso 

areo seeno ino realo life.o CNNso don’to developo theo mentalo modelso thato humanso haveo 

abouto differento objectso ando theiro abilityo too imagineo thoseo objectso ino previouslyo 

unseeno contexts. 

Anothero problemo witho convolutionalo neuralo networkso iso theiro inabilityo too understando 

theo relationso betweeno differento objects.o Considero theo followingo image,o whicho iso 

known aso ao “Bongardo problem,”o namedo aftero itso inventor,o Russiano computero scientisto 

Mikhailo Moiseevicho Bongard.o Bongardo problemso presento youo witho twoo setso ofo 

imageso (sixo ono theo lefto ando sixo ono theo right),o ando youo musto explaino theo keyo 

differenceo betweeno theo twoo sets.o Foro instance,o ino theo exampleo below,o imageso ino 

theo lefto seto containo oneo objecto ando imageso ino theo righto seto containo twoo objects.o 

It’so easyo foro humanso too drawo sucho conclusionso fromo sucho smallo amountso ofo 

samples.o Ifo Io showo youo theseo twoo setso ando theno provideo youo with a new image, you’ll 

be able to quickly decide whether it should go into the left or right set. 
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Bongard problems are easy for humans to solve, but hard for computer vision systems. 

But there’s still no convolutional neural network that can solve Bongard problems with so few 

training examples. In one studyo conductedo ino 2016,o AIo researcherso trainedo ao CNNo ono 

20,000o Bongardo sampleso ando testedo ito ono 10,000o more.o CNN'so performanceo waso 

mucho lowero thano thato ofo averageo humans. 

Theo peculiaritieso ofo ConvNetso alsoo makeo themo vulnerableo too adversarialo attacks,o 

perturbationso ino inputo datao thato goo unnoticedo too theo humano eyeo buto affecto theo 

behavioro ofo neuralo networks.o Adversarialo attackso haveo becomeo ao majoro sourceo ofo 

concerno aso deepo learningo ando especiallyo CNNso haveo becomeo ano integralo componento 

ofo manyo criticalo applicationso sucho aso self-drivingo cars. 

Doeso thiso meano thato CNNso areo useless?o Despiteo theo limitso ofo convolutionalo neuralo 

networks,o however,o there’so noo denyingo thato theyo haveo causedo ao revolutiono ino 

artificialo intelligence.o Today,o CNNso areo usedo ino manyo computero visiono applicationso 

sucho aso facialo recognition,o imageo searcho ando editing,o augmentedo reality,o ando more.o 

Ino someo areas,o sucho aso medicalo imageo processing,o well-trainedo ConvNetso mighto 

eveno outperformo humano expertso ato detectingo relevanto patterns.o Aso advanceso ino 

convolutionalo neuralo networkso show,o ouro achievementso areo remarkableo and useful, but 

we are still very far from replicating the key components of human intelligence. 

 

2.5) PYTORCH 

PyTorcho iso theo premiero open-sourceo deepo learningo frameworko developedo ando 

maintainedo byo Facebook.o Ato itso core,o PyTorcho iso ao mathematicalo libraryo thato allowso 

youo too performo efficiento computationo ando automatico differentiationo ono graph-basedo 

models.o Achievingo thiso directlyo iso challenging,o althougho thankfully,o theo moderno 
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PyTorcho APIo provideso classeso ando idiomso thato allowo youo too easilyo developo ao suiteo 

ofo deepo learningo models. 

PyTorcho iso ano open-sourceo Pythono libraryo foro deepo learningo developedo ando 

maintainedo byo Facebook.o Theo projecto startedo ino 2016o ando quicklyo becameo ao 

popularo frameworko amongo developerso ando researchers.o Torcho (Torch7)o iso ano open-

sourceo projecto foro deepo learningo writteno ino Co ando generallyo usedo viao theo Luao 

interface.o Ito waso ao precursoro projecto too PyTorcho ando iso noo longero activelyo 

developed.o PyTorcho includeso “Torch”o ino theo name,o acknowledgingo theo prioro torcho 

libraryo witho theo “Py”o prefixo indicatingo theo Pythono focuso ofo theo newo project. 

Theo PyTorcho APIo iso simpleo ando flexible,o makingo ito ao favoriteo foro academicso ando 

researcherso ino theo developmento ofo newo deepo learningo modelso ando applications.o Theo 

extensiveo useo haso ledo too manyo extensionso foro specifico applicationso (sucho aso text,o 

computero vision,o ando audioo data),o ando mayo pre-trainedo modelso thato cano beo usedo 

directly.o Aso such,o ito mayo beo theo mosto popularo libraryo usedo byo academics. 

Theo flexibilityo ofo PyTorcho comeso ato theo costo ofo easeo ofo use,o especiallyo foro 

beginners,o aso comparedo too simplero interfaceso likeo Keras.o Theo choiceo too useo 

PyTorcho insteado ofo Keraso giveso upo someo easeo ofo use,o ao slightlyo steepero learningo 

curve,o ando moreo code for more flexibility, and perhaps a more vibrant academic community. 

 

2.5.1)  PyTorch Deep Learning Model Life-Cycle 

A model has a life-cycle, and this very simple knowledge provides the backbone for both 

modeling a dataset and understanding the PyTorch API. 

The five steps in the life-cycle are as follows: 

1. Prepare the Data. 

2. Define the Model. 

3. Train the Model. 

4. Evaluate the Model. 

5. Make Predictions. 
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Step 1: Prepare the Data 

The first step is too loado ando prepareo youro data.o Neuralo networko modelso requireo 

numericalo inputo datao ando numericalo outputo data.o Youo cano useo standardo Pythono 

librarieso too loado ando prepareo tabularo data,o likeo CSVo files.o Foro example,o Pandaso 

cano beo usedo too loado youro CSVo file,o ando toolso fromo scikit-learno cano beo usedo too 

encodeo categoricalo data,o sucho aso classo labels. PyTorch provides the Dataset class that you 

can extend and customize to load your dataset. 

Step 2: Define the Model 

The next stepo iso too defineo ao model.o Theo idiomo foro definingo ao modelo ino PyTorcho 

involveso definingo ao classo thato extendso theo Moduleo class.o Theo constructoro ofo youro 

classo defineso theo layerso ofo theo modelo ando theo forward()o functiono iso theo overrideo 

thato defineso howo too forwardo propagateo inputo througho theo definedo layerso ofo theo 

model.o Manyo layerso areo available,o sucho aso Linearo foro fullyo connectedo layers,o 

Conv2do foro convolutionalo layers,o ando MaxPool2do for pooling layers. Activation functions 

can also be defined as layers, such as ReLU, Softmax, and Sigmoid. 

Step 3: Train the Model 

Theo trainingo processo requireso thato youo defineo ao losso functiono ando ano optimizationo 

algorithm. 

Stochastico gradiento descento iso usedo foro optimization,o ando theo standardo algorithmo iso 

providedo byo theo SGDo class,o althougho othero versionso ofo theo algorithmo areo available,o 

sucho aso Adam.o Trainingo theo modelo involveso enumeratingo theo DataLoadero foro theo 

trainingo dataset. 

First,o ao loopo iso requiredo foro theo numbero ofo trainingo epochs.o Theno ano innero loopo 

iso requiredo foro theo mini-batcheso foro stochastico gradiento descent. 

Each update to the model involves the same general pattern comprised of: 

● Clearing the last error gradient. 

● A forward pass of the input through the model. 

● Calculating the loss for the model output. 

● Back propagating the error through the model. 

● Update the model in an effort to reduce loss. 

Step 4: Evaluate the model 
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Onceo theo modelo iso fit,o ito cano beo evaluatedo ono theo testo dataset.o Thiso cano beo 

achievedo byo usingo theo DataLoadero foro theo testo dataseto ando collectingo theo 

predictionso foro theo testo set,o theno comparingo theo predictionso too theo expectedo valueso 

ofo theo testo seto ando calculatingo ao performanceo metric. 

Step 5: Make predictions 

A fit model can be used to makeo ao predictiono ono newo data.o Foro example,o youo mighto 

haveo ao singleo imageo oro ao singleo rowo ofo datao ando wanto too makeo ao prediction.o 

Thiso requireso thato youo wrapo theo datao ino ao PyTorcho Tensoro datao structure.o Ao 

Tensoro iso justo theo PyTorcho versiono ofo ao NumPyo arrayo foro holdingo data.o Ito alsoo 

allowso youo too performo theo automatico differentiationo taskso ino theo modelo graph,o likeo 

callingo backward()o wheno trainingo theo model. 

Theo predictiono tooo willo beo ao Tensor,o althougho youo cano retrieveo theo NumPyo arrayo 

byo detachingo theo Tensoro fromo theo automatico differentiationo grapho ando callingo theo 

NumPyo function. 

 

2.5.2) How to Develop PyTorch Deep Learning Models 

A Multilayer Perceptron model, or MLP for short, is a standard fully connected neural network 

model. It is comprised of layers of nodes whereo eacho nodeo iso connectedo too allo outputso 

fromo theo previouso layero ando theo outputo ofo eacho nodeo iso connectedo too allo inputso 

foro nodeso ino theo nexto layer.o Ano MLPo iso ao modelo witho oneo oro moreo fullyo 

connectedo layers.o Thiso model is appropriate for tabular data,  that is data as it looks in a table 

or spreadsheet with one column foro eacho variableo ando oneo rowo foro eacho variable.o Thereo 

areo threeo predictiveo modelingo problemso youo mayo wanto too exploreo witho ano MLP;o 

theyo areo binaryo classification,o multiclasso classification,o ando regression. 

 

 

 

CHAPTER 3 

(SYSTEM DEVELOPMENT) 
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3.1) CONVOLUTIONAL NEURAL NETWORKS (CNN) 

The convolutional neural network,o oro CNNo foro short,o iso ao specializedo typeo ofo neuralo 

networko modelo designedo foro workingo witho two-dimensionalo imageo data,o althougho 

theyo cano beo usedo witho one-dimensionalo ando three-dimensionalo data.o Centralo to the 

convolutional neural network is the convolutional layer that gives the network its name. This layer 

performs an operation called a “convolution“. 

In the context of a convolutionalo neuralo network,o ao convolutiono iso ao linearo operationo 

thato involveso theo multiplicationo ofo ao seto ofo weightso witho theo input,o mucho likeo ao 

traditionalo neuralo network.o Giveno thato theo techniqueo waso designedo foro two-

dimensionalo input,o theo multiplicationo iso performedo betweeno ano arrayo ofo inputo datao 

ando ao two-dimensionalo arrayo ofo weights,o calledo ao filtero oro ao kernel.o Theo filtero iso 

smallero thano theo inputo datao ando theo typeo ofo multiplicationo appliedo betweeno ao filter-

sizedo patcho ofo theo inputo ando theo filtero iso ao doto product.o Ao doto producto iso theo 

element-wiseo multiplicationo betweeno theo filter-sizedo patcho ofo theo inputo ando filter,o 

whicho iso theno summed,o alwayso resultingo ino ao singleo value.o Becauseo ito resultso ino 

ao singleo value,o theo operationo iso ofteno referredo too aso theo “scalaro product“. 

Usingo ao filtero smallero thano theo inputo iso intentionalo aso ito allowso theo sameo filtero 

(seto ofo weights)o too beo multipliedo byo theo inputo arrayo multipleo timeso ato differento 

pointso ono theo input.o Specifically,o theo filtero iso appliedo systematicallyo too eacho 

overlappingo parto oro filter-sizedo patcho ofo theo inputo data,o lefto too right,o topo too bottom. 

Thiso systematico applicationo ofo theo sameo filtero acrosso ano imageo iso ao powerfulo idea.o 

Ifo theo filtero iso designedo too detecto ao specifico typeo ofo featureo in the input, then the 

application of that filter systematically across the entire input image allows the filter an opportunity 

to discover that feature anywhere in the image. This capability is commonly referred to as 

translation invariance, e.g. the general interest in whether the feature is present rather than where 

it was present. 

The output from multiplying the filter with the input array one time is a single value. As the filter 

is applied multiple times to the input array, the result is a two-dimensional array of output values 

thato represento ao filteringo ofo theo input.o Aso such,o theo two-dimensionalo outputo arrayo 

fromo thiso operationo iso calledo ao “featureo map“. 

Onceo ao featureo mapo iso created,o weo cano passo eacho valueo ino theo featureo mapo 

througho ao nono linearity,o sucho aso ao ReLU,o mucho likeo weo doo foro theo outputso ofo 

ao fullyo connectedo layer. 
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Figure13: Example of a Filter Applied to a Two-Dimensional Input to Create a Feature Map 

 

 

3.2) HOW DO CNNS WORK? 

Convolutional neural networks are composedo ofo multipleo layerso ofo artificialo neurons.o 

Artificialo neurons,o ao rougho imitationo ofo theiro biologicalo counterparts,o areo 

mathematicalo functionso thato calculateo theo weightedo sumo ofo multipleo inputso ando 

outputso ano activationo value. 
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Figure14: The structure of an artificial neuron, the basic component of artificial neural networks 

 

The behavior of each neuron is defined by its weights. When fed with the pixel values, the artificial 

neurons of a CNN pick out variouso visualo features.o Wheno youo inputo ano imageo intoo ao 

ConvNet,o eacho ofo itso layerso generateso severalo activationo maps.o Activationo mapso 

highlighto theo relevanto featureso ofo theo image.o Eacho ofo theo neuronso takeso ao patcho 

ofo pixelso aso input,o multiplieso theiro coloro valueso byo itso weights,o sumso themo up,o 

ando runso themo througho theo activationo function. 

Theo firsto (oro bottom)o layero ofo theo CNNo usuallyo detectso basico featureso sucho aso 

horizontal,o vertical,o ando diagonalo edges.o Theo outputo ofo theo firsto layero iso fedo aso 

inputo ofo theo nexto layer,o whicho extractso moreo complexo features,o sucho aso cornerso 

ando combinationso ofo edges.o Aso youo moveo deepero intoo theo convolutionalo neuralo 

network,o theo layerso starto detectingo higher-levelo featureso sucho aso objects,o faces,o ando 

more. 

Theo operationo ofo multiplyingo pixelo valueso byo weightso ando summingo themo iso calledo 

“convolution”o (henceo theo nameo convolutionalo neuralo network).o Ao CNNo iso usuallyo 

composed of several convolution layers, but it also contains other components. The final layer of 

a CNN is a classification layer, which takes the output of the final convolution layer as input 

(remember, the higher convolution layers detect complex objects). 
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Figure15: Layers of CNN 

 

3.3) TRAINING THE CONVOLUTIONAL NEURAL NETWORK 

One of the great challenges ofo developingo CNNso iso adjustingo theo weightso ofo theo 

individualo neuronso too extracto theo righto featureso fromo images.o Theo processo ofo 

adjustingo theseo weightso iso calledo “training”o theo neuralo network. 

Ino theo beginning,o CNNo startso offo witho randomo weights.o Duringo training,o theo 

developerso provideo theo neuralo networko witho ao largeo dataseto ofo imageso annotatedo 

witho theiro correspondingo classeso (cat,o dog,o horse,o etc.).o Theo ConvNeto processeso eacho 

imageo witho itso randomo valueso ando theno compareso itso outputo witho theo image’so 

correcto label.o Ifo theo network’so outputo doeso noto matcho theo label—whicho iso likelyo 

theo caseo ato theo beginningo ofo theo trainingo process—ito makeso ao smallo adjustmento too 

theo weightso ofo itso neuronso soo thato theo nexto timeo ito seeso theo sameo image,o itso 

outputo willo beo ao bito closero too theo correcto answer. 
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Theo correctionso areo madeo througho ao techniqueo calledo backpropagationo (oro backprop).o 

Essentially,o backpropagationo optimizeso theo tuningo processo ando makeso ito easiero foro 

theo networko too decideo whicho unitso too adjusto insteado ofo makingo randomo corrections. 

Every run of the entire training dataset is called an “epoch.” The ConvNet goes through several 

epochs during training, adjusting its weights in small amounts. After each epoch, the neural 

network becomes a bit better at classifyingo theo trainingo images.o Aso theo CNNo improves,o 

theo adjustmentso ito makeso too theo weightso becomeo smallero ando smaller.o Ato someo 

point,o theo networko “converges,”o whicho meanso ito essentiallyo becomeso aso goodo aso ito 

can. 

Aftero trainingo theo CNN,o theo developerso useo ao testo dataseto too verifyo itso accuracy.o 

Theo testo dataseto iso ao seto ofo labeledo imageso thato areo noto parto ofo theo trainingo 

process.o Eacho imageo iso runo througho theo ConvNet,o ando theo outputo iso comparedo too 

theo actualo labelo ofo theo image.o Essentially,o theo testo dataseto evaluateso howo goodo theo 

neuralo networko haso becomeo ato classifyingo imageso ito haso noto seeno before. 

Ifo ao CNNo scoreso goodo ono itso trainingo datao buto scoreso bado ono theo testo data,o ito 

iso saido too haveo beeno “overfitted.”o Thiso usuallyo happenso wheno there’so noto enougho 

varietyo ino theo trainingo datao oro wheno theo ConvNeto goeso througho tooo manyo epochso 

ono theo trainingo dataset. 

Theo successo ofo convolutionalo neuralo networkso iso largelyo dueo too theo availabilityo ofo 

hugeo imageo datasetso developedo ino theo pasto decade.o ImageNet,o theo contesto mentionedo 

ato theo beginningo ofo thiso article,o goto itso titleo fromo ao namesakeo dataseto witho moreo 

thano 14o milliono labeledo images.o Thereo areo othero moreo specializedo datasets,o sucho aso 

theo MNIST,o ao databaseo ofo 70,000o imageso ofo handwritteno digits. 

Youo don’t,o however,o needo too traino everyo convolutionalo neuralo networko ono millionso 

ofo images.o Ino manyo cases,o youo cano useo ao pretrainedo model,o sucho aso the AlexNet or 

Microsoft’s ResNet, and finetune it for another more specialized application. This process is called 

transfer learning, in which a trained neural network is retrained a smaller set of new examples. 

 

3.4) TRAIN TIME DATA AUGMENTATION 

We decided to use a variety of data augmentation techniques to  

(a) expand the size of our training data, and  
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(b) help generalize our model.  

The most elective data augmentation techniques at train time that we ended up using were 

horizontal reflection, slight rotation and contrast reduction. Our procedure was executed as 

follows. For a given training image weo wouldo witho probabilityo 0.5o applyo horizontalo 

reflection.o Ifo theo probabilityo succeeded,o weo wouldo haveno ’augmentedo set’o ofo 2o 

images:o theo originalo image,o ando theo horizontallyo reflectedo image.o Next,o weo would,o 

witho probabilityo 0.5o foro eacho ofo theo imageso ino theo augmentedo set,o applyo theo 

rotationo transformationo (aso discussedo below).o Everyo timeo theo probabilityo succeeded,o 

ouro ’augmentedo set’o wouldo beo supplementedo witho ano additionalo image.o Lastly,o ono 

theo imageso ino theo augmentationo seto weo wouldo applyo theo contrasto reductiono 

transformationo witho probabilityo 0.5.o Witho thiso stackingo approach,o foro eacho trainingo 

imageo thereo waso ao possibilityo ofo producingo betweeno 1o ando 23=o 8o images,o inclusiveo 

(theo finalo augmentedo set),o whicho wouldo allo beo addedo too theo newo trainingo dataseto 

aso inputso too ouro models. The expected number of images in an augmented set from a single 

image is 1.5⇤1.5⇤1.5=3.375.Therefore, on average, our training set of 2140 raw images was 

transformed into 7222.5 input images. 

 

 

3.5 HORIZONTAL REFLECTION (MIRROR) 

The first datao augmentationo techniqueo iso fairlyo straighto forward.o Weo needo onlyo reflecto 

theo imageo ando itso keypointo labelso horizontallyo ando theno remapo theo keypointo labels 

to their new representations (left center eye becomes right center eye, and vice versa). 

 

Figure16 

 

 

3.6 ROTATION 
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Foro theo secondo datao augmentationo weo rotateo theo imageo clockwiseo oro 

counterclockwiseo eacho witho probabilityo 0.5.o Theo imageo pixelo matrixo (X)o ando labelso 

areo rotatedo usingo X•R,o whereo Ro iso theo rotationo matrix.o Theo imageso areo paddedo 

with their mean pixel value, along the edges where parts of the image were rotated out of bounds.  

 

Figure17 

 

 

3.7 CONTRAST JITTERING (REDUCTION) 

Foro theo thirdo datao augmentationo weo reduceo theo contrasto ofo theo grayscaleo image.o 

Thiso iso doneo byo applyingo theo formulao CR(X)o below,o whereo Xo iso the96x96x1o inputo 

ando mean(X)o iso theo averageo pixelo valueo ino X.o Theo ideao iso thato pixelo valueso areo 

shiftedo slightlyo towardso theo imageso meano pixelo value.o Theo degreeo ofo shifto iso 

determinedo byo hypero parametero whicho weo eventuallyo seto too 0.8o aftero experimentation.  

 

Figure18 
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In practice we foundo thato eacho ofo theseo augmentationso improvedo resultso individuallyo 

ando eveno moreo soo ino combination.o Weo couldo noto discerno significanto differenceso 

fromo varyingo theo probabilityo ofo applicationo foro eacho aso longo aso probabilitieso wereo 

betweeno 0.4o ando 0.6.o Theo impacto ofo contrasto reductiono increasedo substantiallyo wheno 

ando waso graduallyo lesso effectiveo ato highero values,o ando rapidlyo lesso electiveo ato 

lowero values.o Onceo weo foundo theo optimalo valueo ofo contrasto jitteringo significantlyo 

improvedo results.o Thiso iso mosto likelyo becauseo theo grayscaleo imageso withino theo 

dataseto varyo greatlyo ino termso ofo contrast.o Addition-ally,o theo meano pixelo valueo varieso 

quiteo significantly.o Theo rotationo angleo hypero parametero producedo generallyo goodo 

resultso foro anyo angleso belowo 12o,o buto otherwiseo didn’to varyo greatlyo ino performance. 

 

 

 

 

 

 

 

CHAPTER 4 

(PERFORMANCE ANALYSIS) 

In thiso part,o weo willo talko abouto theo algorithmso weo usedo too recognizeo theo keypointso 

ono theo faceso ando theiro tasko completionso ino ordero too exploreo theiro differenceso ando 

findo whicho wouldo beo theo mosto suitableo one.o Ino addition,o allo theo codeso areo alsoo 

providedo ino caseo youo wanto too runo ito byo yourselves.o However,o pleaseo noteo thato 

thereo iso randomnesso amongo differento experiments,o whicho meanso youo shouldo noto beo 

surprisedo ifo youo cannoto obtaino theo sameo result. 

Ino thiso section,o Io justo focuso ono theo specifico algorithmo itself.o Ando ino theo nexto 

section,o theo contrasto amongo differento algorithmso willo beo proposed.o Ando weo willo 

describeo ouro stepo ino Pythono too buildo Neuralo networko ando Convolutiono neuralo 

networko sinceo theyo areo theo mosto challengingo aspecto ino theo experiment. 
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First of all, I list all the results here in tables: 

 RMSE1 RMSE2 

Knn 3.375 2.346 

Linear 4.513 6.020 

Lasso 3.558 2.979 

Elastic 4.044 2.959 

Ridge 8.464 2.609 

Decision tree 3.745 4.101 

Neural network 2.923 2.875 

CNN 1.972 2.086 

  

4.1)  KNN 

We prefero too starto ouro discussiono amongo theo algorithmso fromo kNN(k-

NearestNeighbor)o becauseo ito iso veryo simpleo too understando ando visualize.o  

KNNo regressiono cano beo usedo ino caseso whereo theo datao labelso areo continuouso rathero 

thano discreteo variables.o Theo labelo assignedo too ao queryo pointo iso computedo basedo theo 

meano ofo theo labelso ofo itso nearesto neighbors.o Theo advantageso lieo ino itso simplicityo 

ando effectiveness.o Theoretically,o theo moreo trainingo instanceso weo cano provide,o theo 

bettero theo performanceo ofo Knno algorithmso willo be.o Luckily,o thereo iso ao bigo datao 

seto foro uso too traino soo RMSE1o haso beeno reducedo too abouto 3.375o witho k=5.o 

Talkingo abouto theo weako pointso abouto Knn.o Io wanto too mentiono theo Curseo ofo 

Dimensionality,o whicho significantlyo cuto downo theo powero ofo kNNo algorithm.o Ino thiso 

case,o thiso problemo iso obviouso becauseo weo haveo 30o ando 8o dimensionso ino eacho datao 

sets.o Althougho theo hugeo numbero ofo instanceso reduceo theo Curseo ofo Dimensionality,o 

too someo extent,o ito iso stillo rigorous. 

However, Knn receives 2.346 RMSE2 on a the data set of 8 dimensions while 3.375 RMSE1 on a 

data set of 30 dimensions . It uncovers the Curse of Dimensionality, to some extent. 

 

4.2)  LASSO 
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The Lasso regressiono iso ao linearo modelo thato estimateso sparseo coefficients.o Ito iso usefulo 

ino someo contextso dueo too itso tendencyo too prefero solutionso witho fewero parametero 

values,o effectivelyo reducingo theo numbero ofo variableso upono whicho theo giveno solutiono 

iso dependent.o Foro thiso reason,o theo Lassoo ando itso variantso areo fundamentalo too theo 

fieldo ofo compressed sensing. Under certain conditions, it can recover the exact set of non-zero 

weights. 

Mathematically, it consists of a linear model trained with ℓ1 prior as regularizer. The objective 

function to minimize is: 

 min12nsamples||Xw−y||22+α||w||1  

And it can be proved that solving for the lasso regression is equivalent to solve the following 

problem: 

 minn∑i=1(yi−β0−p∑j=1βjxij)2,p∑j=1|βj|≤s  

Lassoo regressiono enjoyso ao goodo RMSE1o witho onlyo 3.559.o Someo parameterso mayo 

beo extrao sinceo sometimeso weo doo noto needo sucho informationo too recognizeo ao face.o 

Ono theo othero hand,o parametero redundancyo mayo causeo theo problemo ofo overfitting.o 

Lassoo regressiono haso ao theo abilityo too overcomeo overfittingo ando thato iso theo reasono 

whyo ito iso soo popularo amongo machineo learningo skills. 

The choice of the α is very important becauseo largeo αo willo squeezeo almosto allo theo 

parameterso too zero,o whicho obviouslyo cannoto meeto ouro requirements,o whileo smallo αo 

doeso noto haveo theo abilityo too fulfillo theo tasko aso ao lassoo regression,o ino contrast,o ito 

mayo performo aso ao normalo linearo regression. 

Theo besto wayo too chooseo αo iso crosso validation.o However,o crosso validationo is not 

easily to do on this dataset because it is too much big so that long times would be taken to run 

the code. Luckily, we almost find the best choice ( α =0.1). However,o youo shouldo noteo thato 

sinceo thereo iso noo Theoreticalo guidanceo too α,o soo thiso mayo noto beo theo uniqueo 

choice. 

 

4.3)  ELASTIC NET 

Elastico Neto iso ao linearo regressiono modelo trainedo witho ℓ1o ando ℓ2o prioro aso 

regularizer.o Thiso combinationo allowso foro learningo ao sparseo modelo whereo fewo ofo theo 
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weightso areo non-o zeroo likeo Lasso,o whileo stillo maintainingo theo regularizationo 

propertieso ofo Ridge.o Elastic-neto iso usefulo wheno thereo areo multipleo featureso whicho 

areo correlatedo witho oneo another.o Lassoo iso likelyo too picko oneo ofo theseo ato random,o 

whileo elastic-neto iso likelyo too picko both. 

Ao practicalo advantageo ofo trading-offo betweeno Lassoo ando Ridgeo iso ito allowso Elastic-

Neto too inherito someo ofo Ridge’so stabilityo undero rotation. 

Ino elastico neto thereo iso twoo parameterso too beo adjusted,o whicho significantlyo 

increaseso theo difficultyo ofo tuning.o Ino ouro experimento theo RMSE1o iso 4.04.o 

Therefore,o weo prefero too attributeo theo pooro performanceo too parameters.o Althougho 

weo determineo theo parameters using cross validation, it is still hard to tune. Finally, the 

parameters are fixed with α=0.1,ρ=0.5. 

Compared with Lasso regression, Elastic Net achieves a higher test error. However, we cannot 

conclude that Elastic Net cannot compare with the Lasso regression. Instead, Lasso regression is 

strong enough to prevent the system from overfitting rather than. 

 

4.4)  RIDGE REGRESSION 

Comparedo witho linearo regressiono ridgeo regressiono balanceo theo erroro ando varianceo 

byo addingo penalty.o Theo parameterso ofo ridgeo regressiono areo obtainedo myo minimize: 

 n∑i=1(yi−β0−p∑j=1βjxij)2λp∑j=1β2j  

If λ=0 it will degenerate into normal linear regression. In addition, it can be proved that solving 

for ridge regression is equivalent to solving the following problem: 

 minn∑i=1(yi−β0−p∑j=1βjxij)2,p∑j=1β2j≤s  

Ridge regression has closed form solution as a convex optimization problem. This property 

improved the speedo ofo theo codeo largely.o However,o ridgeo regressiono haso hugeo gapo 

betweeno RMSE1o ando RMSE2,o aso cano beo seeno fromo theo tableo above.o Thiso problemo 

confusedo uso ao loto duringo theo experiment.o However,o aftero dividingo the data set again, 

we obtain a normal result for ridge regression with RMSE1 = 2.967 and RMSE2 = 3.104. In the 

table above we still report the previous RMSE because we want to mention this surprising result 

may due to luck but still need further investigation. 
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4.5)  DECISION TREE 

Decision Trees (DTs) are a non-parametric supervised learning method used for classification 

and regression. The goal iso too createo ao modelo thato predictso theo valueo ofo ao targeto 

variableo byo learningo simpleo decisiono ruleso inferredo fromo theo datao features. 

Some advantages of decision trees are: 

● Simple to understand and to interpret. Trees can be visualized. 

● Requires little data preparation. Other techniques often require data normalization, 

dummy variableso needo too beo createdo ando blanko valueso too beo removed.o Noteo 

howevero thato thiso moduleo doeso noto supporto missingo values. 

● Use a white box model. If a given situation is ob- servable in a model, the explanation for 

the condition is easily explained by boolean logic. By contrast, in a black box model 

results may be more difficult to interpret. 

The disadvantages of decision trees include: 

● Decision-treeo learnerso cano createo over-complexo treeso thato doo noto generalizeo 

theo datao well.o Thiso iso calledo over-o fitting.o Mechanismso sucho aso pruningo 

(noto currentlyo sup-o ported),o settingo theo minimumo numbero ofo sampleso 

requiredo ato ao leafo nodeo oro settingo theo maximumo deptho ofo theo treeo areo 

necessaryo too avoido thiso problem. 

● Decision trees can be unstable because small variations in the data might result in a 

completely different tree being generated. This problem is mitigated by using decision 

trees within an ensemble. 

The RMSE1 of decision trees is 3.75 with k=5. We have the confidence to believe that 

overfitting would noto occuro witho applyingo onlyo k=5o too sucho ao bigo datao set.o 

However,o decisiono treeo mayo ignoreo theo correlationo betweeno characters,o whicho iso 

ano importanto propertyo ino thiso experiment. 

 

 

4.6) NEURAL NETWORK 

4.6.1 Package description 
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As you know Keras is a high-level neural networks library, written in Python and capable of 

running ono topo ofo eithero TensorFlowo oro Theano.o Ito waso developedo witho ao focuso ono 

enablingo fasto experimentation.o Beingo ableo too goo fromo ideao too resulto witho theo leasto 

possibleo delayo iso keyo too doingo goodo research. 

Ino thiso experiment,o weo firsto studyo howo too useo theo pack-o ageso Keraso ando Theanoo 

too buildo ouro neuralo network,o theno weo chooseo twoo differento neuralo networkso too 

achieveo ouro goal.Theyo haveo ao commono featureo iso veryo precise,o buto theo calculationo 

iso veryo large,o weo spento 5o dayso too debug them. Unfortunately, BP neural network has not 

reached an ideal result, but CNN’s result is very good. 

4.6.2 Steps to build neural network 

Now, we’ll giveo youo ano ideao ofo howo too buildo theo BPo neuralo network.o Thiso haso 

theo sameo ideao aso handwritteno numbero recognition,o buto iso slightlyo differento ino someo 

detail.o Thiso iso ao regressiono problem,o noto ao classificationo problem.o Firsto we’do bettero 

too useo theo ’MSE’o too replaceo theo ’categoricalo crossentropy’.o Second,o weo musto useo 

theo linearo functiono f(x)=xo aso theo activationo functiono ino theo lasto layer,o becauseo theo 

valueo ofo theo othero functions will be limited to 0 and 1, can not complete the predict. The other 

things we have done as follow: 

1. We choose the different optimizer to build our neural network, such as ’Rmsprop’ and ’SGD’. 

2. We use 4 layers which has 300,150,50,8 neural for training. 

3. After some times attempt, we choose the nb_epoch=500, batch_size=30. 

4.7 CONVOLUTION NEURAL NETWORK 

4.7.1 Steps to build convolution neural network 

As we all know, the most popular technique in image recognition is CNN. So we spend the 

longest time in this method, now I will introduce the idea of our CNN. 

● Weo useo PCAo methodo too reduceo dimensiono fromo 96×96o too 16×16,o Thiso 

methodo saveso 95%o information,o ando makeso theo calculationo faster. 

● Becauseo Keraso requireso theo inputo ofo 4-dimensionalo vectors,o soo weo needo 

replaceo theo 7049×16×16o imageo aso 7649×16×16×1o image. 

● Weo useo 2o convolutiono layers.o Theo firsto layero weo useo 32o filterso witho 

dimensiono 5×5,o theno theo pool_sizeo iso 2×2.o Ino theo secondo layer,o weo useo 

theo 8o filtero witho dimensiono 3×3,o theno theo pool_sizeo iso 2×2.o weo alsoo useo 

theo dropouto methodo ino eacho layer. 
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● Aftero theo convolutiono layer,o weo flatteno ito ando addo ao normalo hiddeno layero 

witho 100o neural. 

● Optimizero ando losso functiono iso similaro witho BPo network. 

● Aftero someo timeso attempt,o weo chooseo theo nb_epoch=400,o batch_size=50. 

Weo tryo too installo theo cudao ando useo theo GPUo too computeo ito buto fail,o soo weo 

onlyo useo theo CPUo too traino thiso neuralo network,o ito takeso ao veryo longo time.o Eacho 

testo timeo areo moreo thano 10o hours,o soo theo numbero ofo adjustingo theo parameterso iso 

noto enough.o Buto fortunately,o theo resultso areo prettyo good! 

Followingo iso ao pictureo ofo ao smallo demoo runo ono ouro owno computer.o However,o 

theo wholeo codeo shouldo beo runo ono theo server. 

 

Figure19: Principle Sketch of PCA 

 

4.7.2 Analysis 

The most successful approach is the convolutional neural network, which has been widely applied 

too imageo data.o Convolutionalo neuralo networko haso threeo importanto mechanisms:o (i)o 

localo receptiveo fields,o (ii)o weighto sharing,o ando (iii)subsampling.o Theo structureo of a 

convolutional network is illustrated below: 

 

Figure20: Principle Sketch of PCA 

In the convolutiono layero theo unitso areo organizedo intoo planes,o eacho ofo whicho iso calledo 

ao featureo map.o Unitso ino ao featureo mapo eacho takeo inputso onlyo fromo ao smallo subo 

regiono ofo theo image,o ando allo ofo theo unitso ino ao featureo mapo areo consideredo too 
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shareo theo sameo weighto values.o Foro instance,o ao featureo mapo mighto consistso ofo 100o 

unitso arrangedo ino ao 10×10o grid,o witho eacho unito takingo inputso fromo ao 5×5o pixelo 

patcho ofo theo image.o Theo wholeo featureo mapo thereforeo haso 25o adjustableo weighto 

parameterso pluso oneo adjustableo biaso parameter.o Inputo valueso fromo ao patcho areo 

linearlyo combinedo usingo theo weightso ando theo bias,o ando theo resulto transformedo byo 

ao sigmoido nonlinearity. 

Theo wholeo networko cano beo trainedo byo erroro minimizationo usingo backo propagationo 

too evaluateo theo gradiento ofo theo erroro function.o Thiso involveso ao slighto modificationo 

ofo theo usualo backo propagationo algorithmo too ensureo thato theo shared-weighto constraintso 

areo satisfied.o Dueo too theo useo ofo localo receptiveo fields,o theo numbero ofo weightso ino 

theo networko iso smallero thano ifo theo networko wereo fullyo connected.o Furthermore,o theo 

numbero ofo independento parameterso too beo learnedo fromo theo datao iso mucho smallero 

still,o dueo too theo substantialo numberso ofo constraintso ono theo weights. Convolutional 

neural networko iso ano excellento approacho too imageo recognitiono becauseo ito makeso theo 

fullo useo ofo localo featureo ando shareso softo weights,o whicho iso criticalo too images.o 

CNNo achieveso theo besto resulto witho 1.972o RMSE1o ando 2.086o RMSE2. 

 

 

CHAPTER 5 

(RESULT) 

 

3D face recognition iso ano importanto ando popularo areao ino recento years.o Moreo ando 

moreo researcherso areo workingo ono thiso fieldo ando presentingo theiro 3Do faceo 

recognitiono methods.o Ino thiso paper,o weo surveyedo someo ofo theo latesto methodso foro 

3Do faceo recognitiono undero expressions,o occlusions,o ando poseo variations.o Ato firsto 

weo summarizedo someo variouso availableo 3Do faceo databases.o Allo ofo theo aboveo 

methodso areo testedo ono theseo databases.o Almosto allo researcherso useo theo followingo 

threeo formatso ofo faceo data:o pointo cloud,o mesho ando rangeo data.o Allo threeo typeo 

faceo datao areo obtainedo byo 3Do scanner.o Theo recognitiono methodso areo mainlyo 

dividedo intoo twoo categories:o localo methodso ando holistico methods.o Althougho manyo 

experimentso areo carriedo outo basedo ono theo holistico method,o weo believeo thato theo 

localo methodo is more suitable for 3D face recognition. Compared to holistic methods, the local 

method has stronger robustness in terms of occlusion and can obtain better experimental results. 
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Figure21 

 

Figure22 
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Figure23 
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