Recognition II

Introduction to Computer Vision
CSE 152
Lecture 18

CSEI52, Spr 12 Intro Computer Vision

Announcements

e HW 4 has been posted. Due 06/08

* Lecture plan — recognition then video and
motion.

* Final exam: June 12, 8-11
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Recognition

Given a database of
objects and an image
determine what, if any
of the objects are
present in the image.
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Sketch of a Pattern Recognition
Architecture

— Feamr'e —| Classification [—
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Example: Face Detection

’

* Scan window over image.
» Search over position & scale.

* Classify window as either:
— Face
— Non-face

Face
Window
Non-face
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The Space of Images

X, ==

» Consider an n-pixel image fo be a pointin an n-
dimensional space, x € R".

e Each pixel value is a coordinate of x.




e Face Space:
- A set of face images construct a face space in RN

- Appearance-based methods analyze the distributions of
individual faces in face space

Some questions:
1. How are images of an individual, under all conditions,
distributed in this space?
2. How are the images of all individuals distributed in this space?
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Nearest Neighbor Classifier

{ R; } are set of training images.
ID = argmindist(R;,I)
J
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Linear Subspaces & Linear Projection

X X - Proiecti 3 2
« An n-pixel image xERd can be Example: Projecting from R3 to R’

projected to a low-dimensional Xo
feature space yERk by

where W is an k by d matrix.

* Recognition is performed in R
using, for example, nearest neighbor. »x,

* How do we choose a good W?
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Eigenfaces: Principal Component Analysis (PCA)

Assume we have a set of n feature vectors z; (i = 1,...,n) in RY. Write
=2 Xe
» w2 i
T = LZ(T — )@ - )"
n—1 . .
i

The unit eigenvectors of ¥ — which we write as vy, v2,. .., vq, where the order is
given by the size of the eigenvalue and v; has the largest eigenvalue — give a set
of features with the following properties:

e They are independent.

e Projection onto the basis {v1,..., v} gives the k-dimensional set of linear
features that preserves the most variance.

Algorithm 22.5: Principal components analysis identifies a collection of linear
features that are independent, and capture as much variance as possible from a
dataset.
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PCA Example

First Principal Component
Direction of Maximum Variance
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Eigenfaces
*  Modeling

1. Given a collection of n training images x;, represent each
one as d-dimensional column vector
Compute the mean image and covariance matrix.

3. Compute k Eigenvectors of covariance matrix
corresponding to k largest Eigenvalues and form matrix
WT=[v,, v,,...,v ] (Or perform using SVD!!) (note that
these are images)

4. Project the training images to the k-dimensional
Eigenspace. y,=Wx;

*  Recognition

1. Given a test image x, project vectorized image to
Eigenspace by y=Wx

2. Perform classification to the projected training images.
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Why is W a good projection?

* The linear subspace spanned by W
maximizes the variance (i.e., the spread) of
the projected data.

* W spans a subspace that is the best
approximation to the data in a least squares
sense.
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Distance to Linear Subspace

 An n-pixel image XER’ can be
projected to a low-dimensional X2
feature space yERk by

y=Wx

* From y € R, the reconstruction
of the point in R? is WTy=WTWx

« The error of the reconstruction,

or the distance from x to the

subspace spanned by W is:
[Ix-WTWx||
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Distance to Affine Subspace

(i.e., Distance to Face Space)
* Represented by mean vector p and
basis images W
+An n-pixel image x€R" can be
projected to a low-dimensional
feature space yER’C by

¥y = W(x-p)

» From y € R¥, the reconstruction of
the point in R? is X,
WThy+p= WTW(x-p)+p

* The error of the reconstruction, or
the distance from x to the affine is:
[1X-WTW (e-p)-p| =] [ (I-WTW) (e-p))|
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X3

Reconstruction using Eigenfaces

» Given image on left, project to Eigenspace,
then reconstruct an image (right).
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Application 1:
Face detection using “distance to face space”

* Scan a window w across the image, and
classify the window as face/not face as
follows:

X2

* Project window to subspace, and
reconstruct as described earlier.

« Compute distance between w and
reconstruction.

*Local minima of distance over all image
locations less than some threshold are

taken as locations of faces.

*Repeat at different scales.

*Possibly normalize windows intensity sc X3
that || = 1.
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An important footnote:
We don’t really implement PCA by constructing a
covariance matrix!

Why?
1. How bigis X?

* n by n where n is the number of pixels in an
image!!

2. You only need the first £ Eigenvectors

Assume we have a set of n feature vectors z; (i = 1....,n) in R”. Write
1
B oy
n
n- L 3@ - ) - )"
n-1 ’ '
The unit eigenvectors of ¥ — which we write as v1,va, ..., va, where the order is
given by the size of the eigenvalue and v, has the largest eigenvalue — give a set
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Singular Value Decomposition

* Any m by n matrix A may be factored such that
A=UzV"
[m x n] = [m x m][m x n][n x n]

* U: m by m, orthogonal matrix
— Columns of U are the eigenvectors of 447
* Vi nby n, orthogonal matrix,
— columns are the eigenvectors of 474
* 2: m by n, diagonal with non-negative entries (0, 0, ..., 0,) with
s=min(m,n) are called the called the singular values. SVD algorithm
produces sorted singular values: 0, = 0,= ... = O
Important property

— Singular values are the square roots of Eigenvalues of both 447
and A”4 & Columns of U are corresponding Eigenvectors!!
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Thin SVD

* Any m by n matrix A may be factored such that
A=UzVT
[mx n]=[mx m][mx n][nxn]
* If m>n, then one can view X as: (i.e., more pixels than

images) 5
)

* Where 2’=diag(o,, 0,, ..., 0,) with s=min(m,n), and lower
matrix is (n-m by m) of zeros.
This is what you

» Alternatively, you can write: should use!!

A=UZV"
« In Matlab, thin SVD is:[U S V] = svds(A)
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Performing PCA with SVD

* Singular values of 4 are the square roots of eigenvalues
of both 447 and 474 & Columns of U are
corresponding Eigenvectors

* And Eaiair = [al a, - a,,][a1 a, - an]T = AA"

i=l

» Covariance matrix is:
I~ . .
Te NG -0
i=1

* So, ignoring 1/n subtract mean image w from each input
image, create a d x n data matrix, and perform thin SVD
on the data matrix. D=[x-pt | X,-pt | ... X,-1t ]
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[llumination Variability

* How does the set of images of an object in fixed pose
vary as lighting changes?

* How can we recognize people across all lighting
conditions without having to see the person every way?
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3-D Linear subspace

The set of images of a Lambertian surface with no

shadowing is a subset of 3-D linear subspace.
[Moses 93], [Nayar, Murase 9¢], [Shashua 97]

L={x|x=Bs, Vs R}

where B is a n by 3 Xy

N-dimensional
Xn Image Space
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How do you construct the 3-D subspace?

) Qi

[ X1 X3 X3 X4 X5 ]

With more than three images, perform least
squares estimate of B using PCA or Singular
Value Decomposition (SVD)
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Distance to Linear Subspace
)

N-dimensional
Image Space

» From a collection of images of person i under
variable lighting, compute basis B;images of a 3-D
linear subspace using PCA or SVD.

* Recognize individual by finding subspace with
shortest distance from a test image to the subspace.

= T
d; =|x-BB;x )
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What about shadows?

The set of images of a Lambertian surface with no

shadowing is a subset of 3-D linear subspace.
[Moses 93], [Nayar, Murase 94], [Shashua 97]

L={x|x=Bs, Vs€R3}

where B isan by 3
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N-dimensional
Image Space

X

Intro Computer Vision

What about shadows?

* The set of images of a Lambertian surface with no

shadowing is a subset of 3-D linear subspace. [Moses
93], [Nayar, Murase 96], [Shashua 97]

* The set of images of a convex Lambertian surfaces

is a convex cone in the spaces of images. [Belhumeur,
Kriegman 1998]

* The set of images of a convex Lambertian surfaces
is well-approximated by a 9-D linear subspace.[Basti,
Jacobs 2001],[Ramamoorthi, Hanrahan 2001]

» The 9-D linear subspace approximating the set of
images of a convex Lambertian surfaces is
approximately spanned by nine images taken under
9 well-chosen light sources.[Lee, Ho,Kriegman 2005]
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Alternative projections
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Fisherfaces: Class specific linear projection

P. Belt J. Hi ha, D. Kriegman, Eigenfaces vs. Fisherfaces: Recognition

Using Class Specific Linear Projection, PAMI, July 1997, pp. 711--720.
X2

* An n-pixel image xER’ can be

projected to a low-dimensional

feature space yERk by
y=Wwx

where W is an k by d matrix.

* Recognition is performed using
nearest neighbor in R:.

* How do we choose a good W?
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PCA & Fisher’s Linear Discriminant

* Between-class scatter
S, = z\x,\(u, - ), - )’

« Within-class scatter
Sy = (% = 1) = )"
Z\.Zz‘ k k

* Total scatter

S, = 2 S - )" =S5+,
= K&

¢ Where

— c is the number of classes

— ; is the mean of class y;

— | %; | is number of samples of ; .
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« If the data points x; are projected
by y=Wx; and the scatter of x; is
S, then the scatter of the projected
points y; is WISW
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PCA & Fisher’s Linear Discriminant

PCA
X1 /2(2

* PCA (Eigenfaces)

W ey = arg mua}x‘WTSTW‘

... A Maximizes projected total scatter
o® :

A « Fisher’s Linear Discriminant

o o A w s,

=argmax;———

oo e Vs, wl

0® - . :
Y Maximizes ratio of projected

between-class to projected

FI [\)\ within-class scatter
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Computing the Fisher Projection Matrix

w w's,wi
= arg max =
RN TN
:[Wl Wy o Wy, 4)

where {w,,|i = l,Z,m,m} is the set of generalized eigen-
vectors of S; and Sy, corresponding to the m largest gener-
alized eigenvalues {/li|i =12, ....m}. ie.,

SpW; = ASyw,,  i=12,...,m

* The w; are orthonormal

* There are at most c-1 non-zero generalized
Eigenvalues, so m < c-1

» Can be computed with eig in Matlab
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