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Overview

¥ Face Detection Basics
¥ Face Recognition
¥ Introduction to Principal Component Analysis

¥ Application of PCA to Face Recognition
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Face Detection
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Face Detection

¥ Usecontrastand theirspatial relationshias
exhibited by human faces

¥ Collect positive and negative samples as trainir
data

¥ Determine so-calledHaar-like features

¥ Use acascading classitbet

¥ scans varying (position, size) regions of a giv:
Input Image

¥ inspects every such region multiple times unt
predetermined threshold is fulblled
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Face Recognition

Introduction to Principal Component Analysis
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Motivation

¥ Information Theory

¥ The greater a random variableOs variance, th
more information can be conveyed.

¥ Information Reduction

¥ Reduce data dimensionality while maintaining
much information as possible

¥ ldentify the principal components
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Projection Error

¥ Orthogonal projection yields the smalles
error

¥ Minimization of projection error is
eguivalent to variance maximization
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Projection Error
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Projection

¥ Projection of vector a onto vector b:

/

a'bap

L\

3 d
/ I = "5

_Cc - —>

¥ For a unit-length vector b it follows thatc = a'b

¥ Projection Is always orthogonal
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First Example
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Example
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Example
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Derivation

¥ Consider a random variableOs variance:

1 !

N! 1
x! X

Jar (X) = E[(X ! E(X))"] = (x! w2

¥ Multivariate random variableOs covariance:

Cov(X,Y) = E[(X | EQOXY ! E(= crr (X! p(y! i)

xI XylyY

Alternatively written in matrix notation:

i T
7, aaal Ing,
Cov(X) = é::!
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Derivation

¥ Zero-mean (w.l.0.g.) multivariate random variab
projected onto an arbitrary axis a:

vara(X) = E[(a"x)?] = ﬁx;nx(aTX)Z
= = (@'x)(a’'x)
X" X

= = (@'™x)(x"a)

X"X " $

22.11.2010



=@ AICOS

Technische UniversitSt MYnchen m

Derivation
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Derivation

¥ Maximizationof a'! a

must obey the constraint a'a=1
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Derivation

¥ Maximizationof a'! a

must obey the constraint a'a=1

¥ Therefore f(@=a'lal !(@al 1)
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Derivation

¥ Maximizationof a'! a

must obey the constraint a'a=1
¥ Therefore f(a=a'tal !(@al 1)

¥ Then df(a) =2! a! 2a

= 0
| a = la

¥ See something familiar here?
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Derivation

¥ Eigenvalue decomposition of the covariance m:

. €11 aaa €1n oo o €11 é.ééemlo
. . 0 . ] (
C:E!ET:# : : é# : :(é

where the columns of E denote the eigenvector
of C and each the respective eigenvalue

¥ In case of PCA, the principal components are tt
ones associated with the highest eigenvalues, I

Pal > 2| > ... > |1y
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Algorithm

¥ Consider a dataset!X | IR™ "

| represented as a matr

containing n samples (the columns of X) drawn from a m
dimensional multivariate random distribution

¥ Compute the meari of X and center the dataset

¥ Compute the covariance C of t

ne centered dataset

¥ Determine the eigenvalues anc
eigenvectors eof C

corresponding

¥ Sort these eigenpairs according tq]

¥ Build matrix E whose columns

are theie descending orde

¥ Transform the dataset X using the new principal axes to ¢
the Pnal result X'=ET 4X
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Information Reduction

¥ PCA is an orthonormal transformation, i.e. all axes &
unit-length and orthogonal to each other:
By default, PCA preserves all information!

¥ For the purpose ofnformation reductianly m"<<"n
components corresponding to the most dominant
eigenvalues are chosen

¥ How much information can be dropped?

¥ Domain-specibc problem

¥ One possible measurement of Opreserved
informationO could be

F(m)= 4o
n-n
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Second Example
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Face Recognition

Application of Principal Component Analysis
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Motivation

¥ Faces can be expressed as a linear combinatio
OparticularO faces (additive and subtractive)

¥ We are looking for those OparticularO faces tha
convey the most information (i.e. they represent
the most signiPcant variance)
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Motivation

¥ Faces can be expressed as a linear combinatio
OparticularO faces (additive and subtractive)

¥ We are looking for those OparticularO faces tha
convey the most information (i.e. they represent
the most signiPcant variance)

¥ With respect to PCA, these faces are so-called
eigenfaces

¥ The subspace spanned by the eigenfaces is ca
face space
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Training

¥ A set of Ny training images for each person p
(where typically 1 < N< 30)
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Preprocessing

¥ Two-dimensional images correspond to one-
dimensional vectors

0.47

028 =5

0.470.990.97
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Preprocessing

¥ Concatenation of the Nimages for each person
yields the Pnal training dataset

L iy AdAin,
X::: |Z.L2 o, aaalp,
# o

i, i, Addiy,

where 1}, denotes the k-th component of the j-t
Image (now represented as d-dimensional vect
andN = N,

p! P

¥ A second data structure is mandatory to store tl
assignment of column indexes to persons

22.11.2010



Technische UniversitSt MYnchen m

Eigenfaces

¥ Next, PCA is used to determine the set of
eigenfaces (typically ~40) that are best bt to
reconstruct the training data

¥ Beware:
A 92x112 image yields a 10304-dimensional ve

¥ How can we deal with the eigenvalue
decomposition of a 10304x10304 covariance
matrix?

¥ Actually only ~40 eigenpairs need to be compun
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Eigenfaces
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Eigenfaces

¥ Reconsider the general form of the eigenvalue
eguation
l 'x = IX
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Eigenfaces

¥ Reconsider the general form of the eigenvalue
eguation

| "X = IX

¥ SubstituteX " X for °

X TXx = Ix
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Eigenfaces

¥ Reconsider the general form of the eigenvalue
eguation

| "X = IX

¥ SubstituteX " X for °

X TXx = Ix
¥ Multiply the above equation with
XX TXx = IXx
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Eigenfaces

¥ Reconsider the general form of the eigenvalue
eguation

| "X = IX

¥ SubstituteX " X for °

X TXx = Ix
¥ Multiply the above equation with
XX "Xx = IXx
¥ Substitutel!  forXX '
I XX = IXX
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Eigenfaces

¥ Reconsider the general form of the eigenvalue
eguation

| "X = IX

¥ SubstituteX " X for °

X TXx = Ix
¥ Multiply the above equation with
XX "Xx = IXx
¥ Substitutel!  forXX '
I XX = IXX

# Relation between the eigenvalueslof! and tho
of! 11" is given by multiplication wit
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Eigenfaces

¥ Instead of computing the eigenpairs of the origl
covariance matridé = XX (high din).we brst
determine those o0 = XX (low dim).

(Note that both $ and$O ought to be scaled by the factor 1/(N-1), but thatOs not the point here!

¥ We left-multiply the eigenvectors &0 with X anc
hence get the most dominant eigenvectors$of,

¥ Example: 100 images of size 92x112 each
$ is a 10304x10304 matrix
$0O is only a 100x100 matrix
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Face Space

¥ Now that we have thesigenfacewe project all of
our training iImages (vectors) onto these new be
vectors that from now on span thface space

! 1T 1 Xtacespacs= E' X

where X Is the original training dataset and E
represents the eigenfaces (the columns of E)

¥ Finally, we store thémages in face spatiee
eigenfacess well as thenappinghat describes
what columns of X (resp. %cespack belong to
which person
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Face Recognition

¥ ClassibPcation of a new image with respect to th
prior classiber training:

¥ Preprocess the new image

¥ Get the training data, i.e. theigenfacethe face
space iImages well as thenapping
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Face Recognition

¥ ClassibPcation of a new image with respect to th
prior classiber training:

¥ Preprocess the new image

¥ Get the training data, i.e. theigenfacethe face
space iImages well as thenapping

¥ Project the new image into face space
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Face Recognition

¥ ClassibPcation of a new image with respect to th
prior classiber training:

¥ Preprocess the new image

¥ Get the training data, i.e. theigenfacethe face
space iImages well as thenapping

¥ Project the new image into face space

¥ Usenearest neighbour seacdetermine the
class (aka person) for the new image
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Unknown persons
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Unknown persons

¥ Question:

How can one detect if a new image belongs to :
person after all?
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Unknown persons

¥ Question:

How can one detect if a new image belongs to :
person after all?

¥ One possible solution is to check the distance ¢
the imageQOs point in face space to the origin ar
compare that to the variance of the training dat:
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Thank you for your

attention!




