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WhatWhat is Principal is Principal componentcomponent analysisanalysis (PCA) ?(PCA) ?WhatWhat is Principal is Principal componentcomponent analysisanalysis (PCA) ?(PCA) ?

PCA

PC 2

PC 1PCA PC 1

PC1 is PC1 is calculatedcalculated suchsuch thatthat it it accountsaccounts forfor (= (= explainsexplains) ) thethe
largestlargest possiblepossible variance in variance in thethe datasetdataset
PC2PC2 tt ff thth l tl t i ii i ii ttPC2 PC2 accountsaccounts forfor thethe largestlargest remainingremaining variance, variance, etcetc..
PCsPCs are are linearlinear combinationscombinations ofof original original variablesvariables
PCPC l t dl t d (( di ldi l th lth l) t) t hh ththPCsPCs are are uncorrelateduncorrelated ((perpendicularperpendicular, , orthogonalorthogonal) to ) to eacheach otherother



PCA as a PCA as a dimensionalitydimensionality reductionreduction tooltoolPCA as a PCA as a dimensionalitydimensionality reductionreduction tooltool

NumberNumber ofof PCsPCs equalsequals thethe numbernumber ofof original original variablesvariables, , 
butbut higherhigher PCsPCs mainlymainly explainexplain datadata noisenoise
T: T: scoresscores relationships among samplesrelationships among samples
P: P: loadingsloadings (dis)similarities among original variables(dis)similarities among original variables



DigitalDigital imageimageDigitalDigital imageimage

2D 2D functionfunction ofof spatialspatial coordinatescoordinates xx andand yy: : I I == f(x, y)f(x, y)
II = = intensityintensity ((graygray levellevel in GS in GS imagesimages))
II, , xx andand yy are are discretediscrete quantitiesquantities
RGB RGB colorcolor imagesimages consistconsist ofof threethree 2D 2D imageimage planesplanes: R, G : R, G gg gg pp ,,
andand BB

144 149 144 144 144 126 126 126 134 126

144 149 144 149 135 126 125 144 144 144

164 173 156 149 135 135 135 144 139 160

199 189 182 164 156 139 149 139 149 150

186 204 199 199 169 173 150 150 160 173

176 174 199 189 204 189 176 169 156 173

150 150 176 190 189 204 204 186 164 150

173 135 164 179 197 204 199 169 139 135

116 86 135 176 199 190 176 164 150 150

86 56 86 164 189 169 169 169 169 169

8-bit GS image: 0 ≤ I ≤ 255 



ImageImage compressioncompressionImageImage compressioncompression

Ideal Ideal imageimage compressioncompression methodmethod shouldshould removeremove allall redundantredundant
andand/or /or irrelevantirrelevant informationinformation whilewhile preservingpreserving thethe importantimportant
informationinformationinformationinformation
In In practicepractice, , bothboth nonnon--redundantredundant andand relevantrelevant informationinformation are are 
discardeddiscarded to to achieveachieve a a higherhigher compressioncompression ratioratio (CR) (CR) andandgg pp ( )( )
reducedreduced file file sizesize
CR = CR = sizesize ofof original original imageimage / / sizesize ofof compressedcompressed imageimage
LosslessLossless ((reversiblereversible) ) compressioncompression

ReconstructedReconstructed iimage mage –– after after compression and decompression compression and decompression ––
ii id ti lid ti l t tht th i i li i lisis identical identical to the to the originaloriginal
ExamplesExamples: LZW, LZ77 : LZW, LZ77 implementedimplemented in GIF, PNG, TIFF file in GIF, PNG, TIFF file formatsformats
TypicalTypical CRCR ~ 2:1~ 2:1 forfor naturalnatural scenesscenes somewhatsomewhat higherhigher forforTypicalTypical CR CR ~ 2:1 ~ 2:1 forfor naturalnatural scenesscenes, , somewhatsomewhat higherhigher forfor
documentdocument imagesimages



LossyLossy compressioncompressionLossyLossy compressioncompression

LossyLossy ((irreversibleirreversible) ) compressioncompression
RReconstructedeconstructed image contains degradations with image contains degradations with respectrespect to to the the 
originaloriginaloriginaloriginal
ExamplesExamples: JPEG, JPEG 2000: JPEG, JPEG 2000
TradeTrade--offoff betweenbetween imageimage qualityquality andand storagestorage sizesizeTradeTrade offoff betweenbetween imageimage qualityquality andand storagestorage sizesize
MuchMuch higherhigher CR CR thanthan withwith losslesslossless compressioncompression

CR = 2.6 : 1
File size = 83261 bytes

CR = 23 : 1
File size = 9553 bytes

CR = 144 : 1
File size = 1523 bytes



LossyLossy compressioncompression usingusing PCAPCALossyLossy compressioncompression usingusing PCAPCA

SingularSingular valuevalue decompositiondecomposition (SVD) (SVD) 
A A linearlinear algebra algebra tooltool relatedrelated to PCAto PCA

A … mean-centered digital image matrix
U th l t i t i i l ft

A  = U·S·VT

S diagonal matrix with singularU … orthogonal matrix containing left 
singular vectors
V … orthogonal matrix containing right 
singular vectors

S … diagonal matrix with singular 
values (SV) on its diagonal
To compress image A, we 
retain only the first few SV‘ssingular vectors retain only the first few SV s 
("Principal components“)



ImageImage processingprocessing workflowworkflowImageImage processingprocessing workflowworkflow

Canon

Scene 24-bit RGB 
image

8-bit GS 
image

3648 x 2736 pix

Canon
EOS 400D I = 0.30R + 0.59G + 0.11B 

3648 x 2736 pix

Cropping

Downsampling

Hedgehog Man Buildings

256 x 256
SVD / PCALossy 

compressed 

Image quality 
assessment

SSIM
PSNR

1024 x 1024
512 x 512

256 x 256image
CR



ResultsResults
SSIM mapSSIM map

10 PCs

Hedgehog

CR = 48.8:1   SSIM = 0.34   PSNR = 14.6 

30 PCs

1024 X 10241024 X 1024

CR = 1024/(2*PCs + 1)

CR = 16.8:1   SSIM = 0.62   PSNR = 16.7 

CR = 1024/(2 PCs + 1)



ResultsResults ((contcont‘d)‘d)
SSIM mapSSIM map

50 PCs

Hedgehog

CR = 10.1:1   SSIM = 0.76   PSNR = 18.4 

100 PCs

1024 X 10241024 X 1024

CR = 1024/(2*PCs + 1)

CR = 5.1:1   SSIM = 0.91   PSNR = 21.7 

CR = 1024/(2 PCs + 1)



ResultsResults ((contcont‘d)‘d) 30 PCs

Hedgehog Man Buildings

SSIM = 0.62 SSIM = 0.92 SSIM = 0.85 



FaceFace recognitionrecognitionFaceFace recognitionrecognition

AAbilitybility of a computer to scan, store, and recognize of a computer to scan, store, and recognize peoplepeople byby
theirtheir facfacialial characteristicscharacteristics

SubfieldSubfield ofof computercomputer
visionvision andand ofof biometricsbiometrics

RelatedRelated toto voicevoice irisirisRelatedRelated to to voicevoice--, , irisiris--, , 
handwritinghandwriting-- andand opticaloptical
charactercharacter recognitionrecognition
(OCR)(OCR)(OCR)(OCR)



FaceFace recognitionrecognition algorithmsalgorithmsFaceFace recognitionrecognition algorithmsalgorithms

Image or 
video

Face 
detection

Face 
recognition

Identification
Classification

WeWe knowknow veryvery littlelittle aboutabout howhow human human beingsbeings recognizerecognize facesfaces
HowHow dodo computerscomputers performperform suchsuch aa complexcomplex tasktask??HowHow do do computerscomputers performperform suchsuch a a complexcomplex tasktask??
VariousVarious strategiesstrategies

ModelModel--basedbased approachapproach –– useuse ofof differentdifferent faceface modelsmodelspppp
FeatureFeature extractionextraction
TextureTexture--basedbased approachapproach
TemplateTemplate ((patternpattern) ) matchingmatching
ArtificialArtificial neuralneural networksnetworks
DataData compressioncompression (PCA)(PCA)



PCA PCA forfor faceface recognitionrecognition: : eigenfaceseigenfacesPCA PCA forfor faceface recognitionrecognition: : eigenfaceseigenfaces

EigenfacesEigenfaces ((eigenimageseigenimages) ) –– a a 
set set ofof eigenvectorseigenvectors derivedderived fromfrom
thethe covariance matrixcovariance matrix ofof thethethe the covariance matrix covariance matrix ofof the the 
highhigh--dimensional vector space of dimensional vector space of 
human human facesfaces
EigenfacesEigenfaces are are obtainedobtained usingusing
PCAPCA
ByBy appropriateappropriate weightedweighted
summationsummation (= (= linearlinear
combinationcombination)) ofof thethe eigenfaceseigenfacescombinationcombination) ) ofof thethe eigenfaceseigenfaces
andand addingadding thethe meanmean faceface, , eacheach
trainingtraining databasedatabase imageimage cancan bebe

t t dt t d
Φi … mean-subtracted i th face

reconstructedreconstructed wj … j th weight
uj … j th eigenvector



PCA PCA forfor faceface recognitionrecognition: : eigenfaceseigenfaces ((contcont‘d)‘d)PCA PCA forfor faceface recognitionrecognition: : eigenfaceseigenfaces ((contcont d)d)

AfterAfter thethe eigenfaceseigenfaces havehave beenbeen computedcomputed, , thethe secondsecond step step 
dependsdepends on on thethe applicationapplication::

IdentificationIdentification labelslabels ofof individualsindividuals mustmust bebe obtainedobtainedIdentificationIdentification –– labelslabels ofof individualsindividuals mustmust bebe obtainedobtained
RecognitionRecognition ofof a a personperson wherewhere it it mustmust bebe decideddecided ifif thethe individualindividual
hashas alreadyalready beenbeen seenseenyy
ClassificationClassification –– a a faceface mustmust bebe assignedassigned to a to a certaincertain classclass

IfIf anan unknownunknown (= test) (= test) faceface is to is to bebe recognizedrecognized, , classificationclassification
hashas to to bebe mademade usingusing some distance some distance measuremeasure

CommonCommon distance distance metricsmetrics: : EuclideanEuclidean or or MahalanobisMahalanobis distancedistance

DrawbackDrawback ofof thethe methodmethod: : poorerpoorer recognirecognitiontion ofof faces when faces when 
i d ith diff t l l f li hti d ith diff t l l f li ht llviewed with different levels of light or viewed with different levels of light or anglesangles

Faces need to be seen from a frontal view under similar lighting



SimpleSimple exampleexampleSimpleSimple exampleexample

MATLAB MATLAB algorithmalgorithm basedbased on on thethe codecode writtenwritten byby A. H. A. H. 
OmidvarniaOmidvarnia
http://http://www mathworks com/matlabcentral/fileexchange/17032www mathworks com/matlabcentral/fileexchange/17032http://http://www.mathworks.com/matlabcentral/fileexchange/17032www.mathworks.com/matlabcentral/fileexchange/17032
--pcapca--basedbased--faceface--recognitionrecognition--systemsystem
FiveFive stepstep--procedure:procedure:pp pp
1. Select training and test database paths.1. Select training and test database paths.
22. Select path of the test image.. Select path of the test image.
3. Run '3. Run 'CreateDatabaseCreateDatabase' function to create 2D matrix of all training ' function to create 2D matrix of all training 
images.images.
4 R '4 R 'Ei f CEi f C ' f ti t d' f ti t d b ib i ff ff4. Run '4. Run 'EigenfaceCoreEigenfaceCore' function to produce ' function to produce basis basis of of facespacefacespace..
5. Run 'Recognition' function to get the name of equivalent image in 5. Run 'Recognition' function to get the name of equivalent image in 
training database. training database. gg



ReferencesReferencesReferencesReferences

S. M. Holland: Principal S. M. Holland: Principal ComponentsComponents AnalysisAnalysis (PCA). (PCA). 
httphttp://://strata.uga.edu/software/pdf/pcaTutorial.pdfstrata.uga.edu/software/pdf/pcaTutorial.pdf
BB BrowerBrower:: ImageImage CompressionCompression BasicsBasicsB. B. BrowerBrower: : ImageImage CompressionCompression BasicsBasics. . 
httphttp://://www.lokminglui.com/CompressionTutorial.pdfwww.lokminglui.com/CompressionTutorial.pdf
L. L. CaoCao: : Singular Singular Value Decomposition Applied To Digital Image Value Decomposition Applied To Digital Image 
ProcessingProcessing. . httphttp://www.lokminglui.com/CaoSVDintro.pdf://www.lokminglui.com/CaoSVDintro.pdf
M. Richardson: Principal M. Richardson: Principal ComponentComponent AnalysisAnalysis. . 
httphttp://://people maths ox ac uk/richardsonm/SignalProcPCA pdfpeople maths ox ac uk/richardsonm/SignalProcPCA pdfhttphttp://://people.maths.ox.ac.uk/richardsonm/SignalProcPCA.pdfpeople.maths.ox.ac.uk/richardsonm/SignalProcPCA.pdf
II. . MarquesMarques: : FaceFace RecognitionRecognition AlgorithmsAlgorithms
http://www.ehu.es/ccwintco/uploads/e/eb/PFChttp://www.ehu.es/ccwintco/uploads/e/eb/PFC--IonMarques.pdfIonMarques.pdf
S. S. TrivediTrivedi: : FaceFace RecognitionRecognition usingusing EigenfacesEigenfaces andand Distance Distance ClassifiersClassifiers
-- A A TutorialTutorial httphttp://onionesquereality.wordpress.com/2009/02/11/face://onionesquereality.wordpress.com/2009/02/11/face--
recognitionrecognition--usingusing--eigenfaceseigenfaces--andand--distancedistance--classifiersclassifiers--aa--tutorialtutorial//

17

recognitionrecognition usingusing eigenfaceseigenfaces andand distancedistance classifiersclassifiers aa tutorialtutorial//


