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The Space of Faces

* Animage is a point in a high dimensional space
— An N x M image is a point in"®!
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Linear Subspaces

G convert x into v,, v, coordinates
o
o
o o o —_7) - —7T) -
T is the mean o © o o i ((x 'I;) Vi (X '7') V2)
e o, U3 g0 o ° What does the v, coordinate measure?
P o 3‘ LI - distance to line
° o \\\o = o o ° - use it for classification—near 0 for orange pts
o’
o © 6o o ° What does the v, coordinate measure?
o © o ° - position along line
.o - use it to specify which orange point it is
o
o o o
o o
R

 Classification is still expensive

— Must either search (e.g., nearest neighbors)oe st
large PDF’s
» Suppose the data points are arranged as above?

— Idea—fit a line, classifier measures distancerte li

Dimensionality Reduction
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« Dimensionality reduction
— We can represent the orange points wiily their v, coordinates
« sincev, coordinates are all essentially O
— This makes it much cheaper to store and compare points
— A bigger deal for higher dimensional problems

Linear Subspaces

G Consider the variation along direction v
o o O oo among all of the orange points:
T is the mean o ©
of the orange °. e o ° o war(v)= > Ix=%)T- v
points o ?I:QMU 0° . orange point X
o o — . L.
° o T ° °f What unit vector v minimizes var?
o
o o o — 0 1 s
Je e . vo = miny {var(v)}
o o . P
0 © o o What unit vector v maximizes var?
o o v1 = maxy {var(v)}

R
var(v) = YIx-0T v
= Z vIix-%)(x-%)Tv
= T Z(x—i)(x—i)T v
= vIAv where A = Z(x - x-%)T

Solution: v, is eigenvector of A with largest eigenvalue
v, is eigenvector of A with smallest eigenvalue

Principal Component Analysis

» Suppose each data point is N-dimensional
— Same procedure applies:

var(v) = Y llx-0T v|
= vTAv where A = dx—-%)(x— )T

— The eigenvectors & define a new coordinate system
« eigenvector with largest eigenvalue captures the mostiearia
among training vectors
« eigenvector with smallest eigenvalue has least variation
— We can compress the data by only using the top few
eigenvectors
« corresponds to choosing a “linear subspace”
— represent points on a line, plane, or “hyper-plane”
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Dimensionality Reduction

« The set of faces is a “subspace” of the set ofjgsa
— Suppose it is K dimensional
— We can find the best subspace using PCA
— This is like fitting a “hyper-plane” to the set of faces
« spanned by vectosg, V,, ..., i
canyface  y x4 aivy 4 aove + ...+ apVi

Eigenfaces

* PCA extracts the eigenvectorsfof
— Gives a set of vectoxg, V,, Vs,

— Each one of these vectors is a direction in face space
« what do these look like?

Projecting onto the Eigenfaces

* The eigenfaceg,, ...,vi span the space of faces

— A face is converted to eigenface coordinates by

x—=((x—%X)-vy, (x=X) va,..., (x—X)-vg)
%/_/ %/_/
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XXX+ a1vy+axve+ ...+ agvK \

aivi azvz asvsg

a4Vvy4 asVvVy agVg ayVy agvs
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Recognition with Eigenfaces

Algorithm

1. Process the image database (set of images with labels)
* Run PCA to compute the eigenfaces
¢ Calculate the K coefficients for each image
2. Given a new image (to be recognizedalculate K coefficients

x = (a1,an,...,ax)
3. Detect if x is a face
[lx — X+ a1vy +azvo+ ...+ a’KVK)H > threhold
4, Ifitis a face, who is it?

« Find closest labeled face in database
« nearest-neighbor in K-dimensional space
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Limits of PCA

» Attempts to fit shyperplando the data
— can be interpreted as fitting a Gaussian, where A is traiemee matrix
— this is not a good model for some data

« If you know the model in advance, don’t use PCA
— regression techniques to fit parameters of a model

« Several alternatives/improvements to PCA have lleseloped
— LLE:
— isomap:
— kernel PCA:
— For a survey of such methods applied to object recognition

* Moghaddam, B., "Principal Manifolds and Probabilistic $aloes for Visual
Recognition",|EEE Transactions on Pattern Analysis and Machine Intelligence
(PAMI), June 2002 (Vol 24, Issue 6, pps 780-788)




TPavamaline Ej mr(,.u—

IJ;;::‘ a givan olyedf=, «wa we slwh,
vary “Hae viswel Yofr, Yae eppeacance
alse slnol\' b(qlh.’u. FarTuarmaere,
clanges s Ssubspace are slouly

cdaangye .

Pocrible Exeolions :  When cvesniey
wyisuel everts® whiw +ur-l.),-
Change Lh approwance Oceurs

or for Sf!tul‘f o(v.‘c&

=  diseeate ‘ﬂ-: G 5l 5% -
2igenspace  oarL sm les o «
Swooth Mmanifold (“""5 -
J,i’u-.r(uc
LS (a2 q‘.*l.,
€3 T Ui Deft

Figure 2: Image set obtained by rotating the object shown in Fig.1 about & single axis.
These images are acale and brightness normalized.

Murase and Lindenbaum have compared the performane of the STA algorithm
with the conjugate gradient sud SVD algorithms described previously. Their results
show the STA algorithm to be superior in performance o both algorithma, oftes 10 ot
more orders in magnitude faster then the SVD algorithm. Hence, we have used the
§T4 algorithm to compute the eigenvectors of image sets. Aa an example, Fig.3 shows
six eigenvectors (shown as images) computed for the image set shown in Fig.2. The
cigenvectors ase ordered in descending order of their igenvalue magnitudes.

ed es 26

Figure 3 Eigenvectors corresponding to the six largest cigenvalucs, computed for the
image set shown in Fig2.

o aa npst mags nio  10-dimensional spacereqires 10 do prodcts o thenput image
i the 10 ochogonalegemvectorsthat onsitt the i Hence, the projection
of 0 imag oo | u;;:;‘) d object eigenspaces can be done in real-time (frame
c usin i . Once the i
‘has been projected onto the universal eigenspace, we need to find the hypmu:{b:;n:;ﬁ
is closest to it. When the image is projected onto the object cigenspace, we need to
find the point of the object hypersurface that is closest to the input poiat. A varicty of
#lgorithms can be used to solve both thess problems. In our current implementation, we
‘use an exhaustive seacch algorithm that computes the distaace of the input point from
uniformly sampled poiats on the parametrized hypersurface.

Figure 5: () An input image. (b) The input image is m: i i

. u apped to a point in the object
cigenspace. The location of the poiat on the parametric eurve deteamines the pon of the
object in the input image.
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Figure T The four objects used in the experiments.

Figure 8 Paramtric hypersurfaces in object eigenspace compated for the four objects
shown in Fig. 7. For display, only the three most important dimensions of each eigenspace
are shown. The hypersurfaces are reduced to surfaces in three-dimensional space.
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Figure 9: Recognition results for the objects shown in Fig. 7. (a) Recoguition rate
plotied as a function of the number of universal eigenspace dimensions used to represent
the parametric hypersurfaces. (b) Recognition rate plotted as a function of the mumber
of discrete poses of each objeck used in the learning stage. In both cases the recogaition
rates were computed using all 1080 input images detailed in Table 1
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Figure 10: Pose esvimation results for the objects shown in Fig. 7. (1) Histogram of
the emor (in degrees) iz computed object pose for the case where 90 poses are used in
the learuing skage. (5) Pose crror histogram for the case where 18 pascs ase veed i the
learning stage. The average of the absolute error in pose for the complele set of 100
ages is 0.5 in the first case aad 1.0 in the secand case.




