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Some Motivation for Course
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“Pose Estimation”“Face Recognition”

“Speech Reading” “Palm Recognition” “Car Tracking”

“Body Tracking”



March, 2008 “Registration and Tracking, a Learning Perspective”

Vision and Learning
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“The typical way people from learning look at computer vision”

“A vision problem
that needs fixing.” 

“You” 

“Your 
machine 
learning
toolbox.” 

Should be pretty full
after the last week and a half. 
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Vision and Learning
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“The typical result”
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Vision and Learning
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“Applying learning to vision should be an evolutionary process.”

Vision Learning

“Vision specific constraints/assumptions.” 

“Applied and evolved learning tools.” 
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Vision and Learning
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“Your result from this course”



March, 2008 “Registration and Tracking, a Learning Perspective”

Overall Course Outline

• Lecture 1
• Why registration and tracking is hard?
• Exhaustive Search (ES).
• Generative Models for ES Registration

• Lecture 2
• Discriminative Models for ES Registration
• Efficient ES using FFT.

– Correlation Filters.      - Neural Networks
– Support Vector Machines

•  Efficient ES using integral images
– Adaboost                    - Mutual Information

• Speed and performance comparisons. 
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Overall Course Outline

• Lecture 3
• Gradient Search (GS)
• Generative models for GS

• Lucas-Kanade, Black-Jepson algorithms
• Speeding up GS through Inverse Composition

• Lecture 4
• Non-Rigid Warps
• Discriminative models for GS

• Support Vector Tracking (SVT)
• Regression Search (RS)

• Williams & Blake 
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Task of Alignment/Registration

• Object registration is considered “high-level” computer vision.
• Task is to align a template with a given source image. 

9

“Template”

“Source Image”
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Why is it hard?

• Want to register an object even when illumination varies.  
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“Template”

“Source Image”
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Why is it hard?

• Want to register an object even when expression and pose 
varies.  

11

“Template”

“Source Image”
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Why is it hard?

• Want to register an object even when identity and quality 
varies.  

12

“Template”

“Source Image”
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Two Problems in Registration

1.Learning,

• How do I learn an object template/model that satisfactorily 
discriminates between the object and the image 
background?

2.Fitting,

• How do I efficiently evaluate the object template/model 
across all possible warp values? 
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(Will cover later....)

“As we will show through this course, both questions are linked!!!”



Review
Face detection

Boosting

Challenge #1: variation

lighting

pose

occlusions

“nuisance” variables
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Challenge #1: Learning

• How can we deal with all the variations an object can 
undergo,
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Review
Face detection

Boosting

Challenge #2: efficiency

640×480 pixels

scales 24,36,48,60,72

sliding every 8 pixels

⇒ 24,000 subwindows to classify
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Challenge #2: Fitting

• How can we efficiently fit the object model?
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Important Message

• The way one fits an object model/template drives the 
method used to learn the object model/template.

• Important to understand how fitting is performed first, before 
thinking about which classifier we use from our machine 
learning toolbox. 

• A key understanding of the assumptions and constraints in 
vision is required before applying effective learning 
techniques. 

16



xi = i-th 2D coordinate
p = parametric form of warp
z = concatenation of all points in the template
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Warp Functions
• To perform alignment we need a formal way of describing 

how the template relates to the source image.
• To do this we can employ what is known as a warp function:-
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W(x;p)
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Warping is now a problem

translation rotation aspect

affine
perspective

cylindrical

!"#$%&'()#*%+,

Szeliski and Fleet
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Different Warp Functions

18

(Szeliski and Fleet)
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Learnt Warps

19
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Aliasing

• The warp function gives nearly always fractional output.
• But we can only deal in integer pixels. 
• What happens if we need to subsample an image,

20
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Aliasing

• Can’t shrink an image by taking every second pixel 
• If we do, characteristic errors appear 
• Common phenomenon 

• Wagon wheels rolling the wrong way in movies. 

21



!"#$%&'()*+&)+&!+,-.)/*&0121+("/-)3&4556 7819:;/<&=>&?<;9@

',;A/2&;2&B.(9)1+(2

C ',;A/2&;*/&;&D129*/)/<E&2;,-</D&

*/-*/2/();)1+(&+F&;&9+()1(.+.2&21A(;<

IGxH

x

March, 2008 “Registration and Tracking, a Learning Perspective”

Image Interpolation
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• Images are a discretely sampled representation of a 
continuous signal,
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Image Interpolation
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• What if I want to know I(x0+dx) for small dx<1?
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Image Interpolation
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• Simply take the Taylor series approximation, 
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Naive Approach to Registration

• If you were a person coming straight from machine learning 
you might suggest,
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“Images of Object at various warps”
“Vectors of pixel values at 

each warp position”

[255,134,45,.......,34,12,124,67]

[123,244,12,.......,134,122,24,02]

[67,13,245,.......,112,51,92,181]

[65,09,67,.......,78,66,76,215]

...........



object
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Naive Approach to Registration

• If you were a person coming straight from machine learning 
you might suggest,
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“Vectors of pixel values at 
each warp position”

[255,134,45,.......,34,12,124,67]

[123,244,12,.......,134,122,24,02]

[67,13,245,.......,112,51,92,181]

[65,09,67,.......,78,66,76,215]

...........

f(                            )
“classifier”
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Naive Approach to Registration

• Problem,
• Do we sample every warp parameter value?

• Plausible if we are only doing translation?

• If the image is high resolution, do we need to sample every 
pixel?

• What happens if warps are more complicated (e.g., scale)?

• Becomes prohibitively expensive computationally as warp 
dimensionality expands.

28



x1
W(x1;p)

I T

SSD(p) =
N∑

i=1

||I(W(xi;p))− T (xi)||2
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Measures of Image Similarity

• Although not always perfect, common measures of image 
similarity are:
• Sum of squared differences (SSD)

29

“Template”“Source Image”



I T

zW(z;p)

SSD(p) = ||I(W(z;p))− T (z)||2
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Measures of Image Similarity

• Although not always perfect, common measures of image 
similarity are:
• Sum of squared differences (SSD)

30

“Template”“Source Image”

“Vector Form”



I T

zW(z;p)

corr(p) = I(W(z;p))T T (z)
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Measures of Image Similarity

• Although not always perfect, common measures of image 
similarity are:
• Dot product/Correlation (corr)

31

“Template”“Source Image”

“Vector Form”
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Classifier Complexity

• General rule of thumb, is that for a classifier to be useful in 
registration/tracking it has to be computationally efficient.

• As a result we are generally restricted to classifiers that can 
be expressed in terms of correlation or SSD.
• Linear classifier,

• Quadratic classifier, 

• Cascaded classifiers have been an exception to this rule. 

32
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Pixel Coherence Assumption

• The pixel similarity between one warp position in an image 
and another warp position degrades gracefully as a function 
of distance.

33

“Template”

“Source Image”
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Pixel Coherence Assumption

34

x - tr
anslation

y - translation

si
m

ila
rit

y

“Correlation function
for a natural image”

p = {x-translation, y-translation}
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Pixel Coherence Assumption

35

x - tra
nslation

y - translation

si
m

ila
rit

y

“Correlation function
for an unnatural image.”

p = {x-translation, y-translation}
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Pixel Coherence Assumption

• Is this pixel coherence assumption good for only translation?

36

“Motion Field for Translation”
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Pixel Coherence Assumption

• Is this pixel coherence assumption good for only translation?
• No,

37

“Motion Field for Scale”
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Pixel Coherence Assumption

• Is this pixel coherence assumption good for only translation?
• No,

38

“Motion Field for Rotation”
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Pixel Coherence Assumption

• Is this pixel coherence assumption good for only 
translation?

• No, all warps can be interpreted as translation warps at 
each pixel within the template. 

• Therefore, pixel coherence assumption is useful across 
all warps. 

39
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Pixel Coherence Assumption

• Pixels within natural images are heavily correlated within a 
spatially coherent region.

• Images do not have to exactly match in translation or scale 
to give a good similarity score.

41
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Pixel Coherence Assumption

• Pixels within natural images are heavily correlated within a 
spatially coherent region.

• Images do not have to exactly match in translation or scale 
to give a good similarity score.
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Can only go so far!!!



p = {p1, p2}
p1

p 2

March, 2008 “Registration and Tracking, a Learning Perspective”

Exhaustive Search Strategy

• Based on this assumption we can do a reasonable job by 
discretely sampling the warp parameter space (typically 
translation & scale).

44

“Discrete Warp Space”
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Exhaustive Search Strategy

• Based on this assumption we can do a reasonable job by 
discretely sampling the warp parameter space (typically 
translation & scale).

• Shall refer to this now on as Exhaustive Search (ES). 

45

“Discrete Scales”
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Problem....

• SSD and correlation measures are good if the template 
stems from the source image.

46

“Template”

“Source Image”
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Problem....

• SSD and correlation measures are good if the template 
stems from the source image.

• Not so good if there is noise stemming from appearance 
variation, e.g.: 

47

“Template”
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Eigen-Objects

• Is there a way to learn an object model that can handle 
these appearance variations?

• Turk and Pentland (1991) proposed a method they referred 
to as “Eigenfaces” that could handle appearance variation. 

• The technique employed principal component analysis 
(PCA) to model how a registered object could vary in 
appearance. 

48
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I1

I2

IN

p1

p2

pN

I1(W(z;p1)) = T1(z)

I2(W(z;p2)) = T2(z)

IN (W(z;pN )) = TN (z)
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Training Examples

49

...
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• First, we concatenate all the training objects into a 
large vector. 

• Then we remove the mean,

• Then we apply PCA.

A1(z) A2(z) A3(z)
March, 2008 “Registration and Tracking, a Learning Perspective”

Eigen-Objects

50

C→ −

First three eigenvectors

Ensemble mean

C = [T1(z), T2(z), . . . , TN (z)]
=

CT C = AΛAT = [a1, . . . ,aM ] diag [σ1, . . . ,σM ] [a1, . . . ,aM ]T

........

........
A0(z)



||u||2null(A)
= uT u− uT AAT u
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Eigen-Objects

• We can use conventional SSD to then gain the 
match at a particular warp by minimizing, 

• Interestingly, we can “project out” the appearance 
change so that we are just minimizing,

• where,

51

“Sometimes referred to as the 
distance from feature space (DFFS)” 

SSD(p,λ) = ||I(W(z;p))−A0(z)−
M∑

m=1

Am(z)||2

DFFS(p) = ||I(W(z;p))−A0(z)||2null(A)
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However, these authors (with the exception of [27]) have
used eigenvector analysis primarily as a dimensionality
reduction technique for subsequent modeling, interpola-
tion, or classification. In contrast, our method uses an ei-
genspace decomposition as an integral part of an efficient
technique for probability density estimation of high-
dimensional data.

2 DENSITY ESTIMATION IN EIGENSPACE

In this section, we present our recent work using ei-
genspace decompositions for object representation and
modeling. Our learning method estimates the complete
probability distribution of the object’s appearance using an
eigenvector decomposition of the image space. The desired
target density is decomposed into two components: the
density in the principal subspace (containing the tradition-
ally-defined principal components) and its orthogonal
complement (which is usually discarded in standard PCA).
We derive the form for an optimal density estimate for the
case of Gaussian data and a near-optimal estimator for ar-
bitrarily complex distributions in terms of a Mixture-of-
Gaussians density model.

We note that this learning method differs from supervised
visual learning with function approximation networks [30]
in which a hypersurface representation of an input/output
map is automatically learned from a set of training exam-
ples. Instead, we use a probabilistic formulation which
combines the two standard paradigms of unsupervised
learning—PCA and density estimation—to arrive at a com-
putationally feasible estimate of the class conditional den-
sity function.

Specifically, given a set of training images { }xt
t
NT

=1 , from

an object class W, we wish to estimate the class membership

or likelihood function for this data—i.e., P(x|W). In this sec-
tion, we examine two density estimation techniques for
visual learning of high-dimensional data. The first method
is based on the assumption of a Gaussian distribution while
the second method generalizes to arbitrarily complex dis-
tributions using a Mixture-of-Gaussians density model.
Before introducing these estimators, we briefly review ei-
genvector decomposition as commonly used in PCA.

2.2 Principal Component Imagery

Given a training set of m-by-n images { }I t
t
NT

=1 , we can form a

training set of vectors {x
t
}, where x Œ !

N=mn
, by lexico-

graphic ordering of the pixel elements of each image I
t
. The

basis functions for the KLT [19] are obtained by solving the
eigenvalue problem

L = FTSF           (2)

where S is the covariance matrix, F is the eigenvector ma-

trix of S, and L is the corresponding diagonal matrix of ei-

genvalues. The unitary matrix F defines a coordinate trans-
form (rotation) which decorrelates the data and makes ex-

plicit the invariant subspaces of the matrix operator S. In
PCA, a partial KLT is performed to identify the largest-
eigenvalue eigenvectors and obtain a principal component

feature vector y x= FM
T ~, where ~x x x= -  is the mean-

normalized image vector and FM is a submatrix of F con-
taining the principal eigenvectors. PCA can be seen as a

linear transformation y = "(x) : !
N

 Æ !
M

 which extracts a
lower-dimensional subspace of the KL basis corresponding
to the maximal eigenvalues. These principal components
preserve the major linear correlations in the data and dis-

card the minor ones.
1

By ranking the eigenvectors of the KL expansion with re-
spect to their eigenvalues and selecting the first M principal
components, we form an orthogonal decomposition of the

vector space !
N

 into two mutually exclusive and comple-
mentary subspaces: the principal subspace (or feature

space) F i i
M= ={ }F 1 containing the principal components and

its orthogonal complement F i i M
N= = +{ }F 1. This orthogonal

decomposition is illustrated in Fig. 2a, where we have a
prototypical example of a distribution which is embedded
entirely in F. In practice there is always a signal component

in F  due to the minor statistical variabilities in the data or
simply due to the observation noise which affects every
element of x.

(a)

(b)

Fig. 2. (a) Decomposition into the principal subspace F and its or-

thogonal complement F  for a Gaussian density. (b) A typical eigen-

value spectrum and its division into the two orthogonal subspaces.

1. In practice, the number of training images NT is far less than the di-
mensionality of the imagery N, consequently, the covariance matrix S is
singular. However, the first M < NT eigenvectors can always be computed
(estimated) from Nt samples using, for example, a Singular Value Decom-
position [12].
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1. In practice, the number of training images NT is far less than the di-
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DFFS Interpretation
• PCA is useful for assuming the object stems from a low-

dimensional manifold. 
• Choose M < N eigenvectors for better “generalization”.
•  Assume N-M other eigenvectors stem from sample noise. 
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           (a) (b)

Fig. 4. (a) Examples of facial feature training templates. (b) The result-
ing typical detections.

We have compared the detection performance of three
different detectors on approximately 7,000 test images from
this database: a sum-of-square-differences (SSD) detector
based on the average facial feature (in this case the left eye),
an eigentemplate or DFFS detector and a ML detector based
on S(i, j; W) as defined in Section 2.2. Fig. 5a shows the re-
ceiver operating characteristic (ROC) curves for these de-
tectors, obtained by varying the detection threshold inde-
pendently for each detector. The DFFS and ML detectors
were computed based on a five-dimensional principal sub-
space. Since the projection coefficients were unimodal, a
Gaussian distribution was used in modeling the true distri-
bution for the ML detector as in Section 2.2. Note that the
ML detector exhibits the best detection vs. false-alarm
tradeoff and yields the highest detection rate (95 percent).
Indeed, at the same detection rate, the ML detector has a
false-alarm rate which is nearly two orders of magnitude
lower than the SSD.

Fig. 5b provides the geometric intuition regarding the
operation of these detectors. The SSD detector’s threshold is
based on the radial distance between the average template
(the origin of this space) and the input pattern. This leads to
hyperspherical detection regions about the origin. In con-
trast, the DFFS detector measures the orthogonal distance
to F, thus forming planar acceptance regions about F. Con-
sequently, to accept valid object patterns in W, which are
very different from the mean, the SSD detector must oper-
ate with high thresholds which result in many false alarms.
However, the DFFS detector can not discriminate between
the object class W and non-W patterns in F. The solution is
provided by the ML detector which incorporates both the
F -space component (DFFS) and the F-space likelihood
(DIFS). The probabilistic interpretation of Fig. 5b is as fol-
lows: SSD assumes a single prototype (the mean) in addi-
tive white Gaussian noise, whereas the DFFS assumes a
uniform density in F. The ML detector, on the other hand,
uses the complete probability density for detection.

We have incorporated and tested the multiscale version of
the ML detection technique in a face detection task. This
multiscale head finder was tested on the FERET database
where 97 percent of 2,000 faces were correctly detected. Fig. 6
shows examples of the ML estimate of the position and scale

on these images. The multiscale saliency maps S(i, j, k; W)

were computed based on the likelihood estimate $P x Wd i  in

a 10-dimensional principal subspace using a Gaussian
model (Section 2.2). Note that this detector is able to local-
ize the position and scale of the head despite variations in
hair style and hair color, as well as presence of sunglasses.
Illumination invariance was obtained by normalizing the
input subimage x to a zero-mean unit-norm vector.

We have also used the multiscale version of the ML de-
tector as the attentional component of an automatic system
for recognition and model-based coding of faces. The block
diagram of this system is shown in Fig. 7, which consists of
a two-stage object detection and alignment stage, a contrast
normalization stage, and a feature extraction stage whose
output is used for both recognition and coding. Fig. 8 illus-
trates the operation of the detection and alignment stage on
a natural test image containing a human face. The function
of the face finder is to locate regions in the image which
have a high likelihood of containing a face.

(a)

(b)

Fig. 5. (a) Detection performance of an SSD, DFFS, and an ML detec-
tor. (b) Geometric interpretation of the detectors.

Fig. 6. Examples of multiscale face detection.
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DFFS Examples of Performance

53

(Moghaddam and Pentland)
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Eigen-Objects = Generative
• Approach is inherently a generative approach:

• Learn how to synthesize a registered object’s appearance 
variation using a linear model. (i.e. PCA)

• Invert model to gain a measure of similarity. (i.e., DFFS).
• Unfortunately, like many generative models this 

approach has poor generalization properties. 
• What happens if my model cannot synthesize the registered 

object in a given source image?

54

Generative
Model !=

“Source Image”



CS143 Intro to Computer VisionSept, 2007 ©Michael J. Black

Generic Image Ensembles

Fleet & Szeliski

Is there a low dimensional model describing natural images?
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Eigen-Patches

• What does the the PCA basis functions look like for local 
regions of natural images?

56

(Szeliski and Fleet)
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Natural Images

What do these bases look 

like?

Fleet & Szeliski

8X8 image patches
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Eigen-Patches

• Does this look familiar?
• 8x8 patches

• DCT2 - basis image set.
• Forms the basis of modern-

day image and video coding.

• Pixels in natural images 
are naturally correlated 
with one another.  

57

(Szeliski and Fleet)
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Discriminative Approaches
• Better generalization performance can often be realized by 

learning the difference between two classes.   
• We no longer get caught up with the problem of attempting 

to synthesize all variations of an object. 

58
(a) (b)

“How do we get negative examples?”
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Overall Course Outline

• Lecture 1
• Why registration and tracking is hard?
• Exhaustive Search (ES).
• Generative Models for ES Registration

• Lecture 2
• Discriminative Models for ES Registration
• Efficient ES using FFT.

– Correlation Filters.      - Neural Networks
– Support Vector Machines

•  Efficient ES using integral images
– Adaboost                    - Mutual Information

• Speed and performance comparisons. 

2
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Some Motivation for Course

3

“Pose Estimation”“Face Recognition”

“Speech Reading” “Palm Recognition” “Car Tracking”

“Body Tracking”
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Why is it hard?

• Want to register an object even when identity and quality 
varies.  

4

“Template”

“Source Image”
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Two Problems in Registration

1.Learning,

• How do I learn an object template/model that satisfactorily 
discriminates between the object and the image 
background?

2.Fitting,

• How do I efficiently evaluate the object template/model 
across all possible warp values? 

5

(Covered last lecture proposed ES)

“As we will show through this course, both questions are linked!!!”
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Discriminative Approaches
• Better generalization performance can often be realized by 

learning the difference between two classes.   
• We no longer get caught up with the problem of attempting 

to synthesize all variations of an object. 

6
(a) (b)

“How do we get negative examples?”



∆x = [∆x,∆y]T
∆x

∆ywhere, T =
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Correlation Filters
• Mahalanobis, Kumar and Casasent (1987) realized that a 

Fourier representation is an ideal way to learn a template 
using positive and negative examples, without having to 
generate negative examples.

• Approach takes advantage of the cross-correlation function 
of an annotated image and a learnt filter/template,
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Fourier Transform in Pictures

• Quick revision of the Fourier transform, 

8

(Black)



Caution: without the 
complex conjugate 
this operation is 
convolution not 
correlation!

R(∆x) = T (z + ∆x)T H(z)
R(∆z) = [R(∆x1), . . . , R(∆xD)]T

R(∆z) = F−1{F{T (z)} · F∗{H(z)}}
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Correlation Through FFT

• Can obtain a cross-correlation function, far more efficiently 
in the Fourier domain. 

• We can employ a 2-D fast Fourier transform (FFT)              
to take advantage of this redundancy.  

9

“Linear correlation”

“Circular correlation”

F{}
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Linear Vs. Circular Correlation

0 * 0N N

-N 0 N

Linear

0 N

0 N 2N

N-point
Circular

2N-point
Circular
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Linear Vs. Circular Correlation

• Using an FFT results in a circular, not linear, correlation.

10

(Bhagavatula)
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Linear Vs. Circular Correlation

• Using FFTs leads to circular correlations rather than linear 
correlations 

• A circular correlation is as if the signals are made artificially 
periodic with a period N where N is the FFT size. 

• If N is very large, then the circular and linear convolutions 
will be mostly similar; otherwise, the circular correlation 
obtained will be an aliased version of the linear 

11



min
H(z)

=
∑

∆x

||T (z + ∆x)T H(z)||2
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MACE Filter

• Mahalanobis et al. wanted to ensure that the correlation of a 
registered image with a template/filter is unity,  

• And that the average correlation energy across all circular 
alignments is minimized,

12

.......
Referred to as a “Minimum Average Correlation Energy (MACE) Filter”

T (z)T H(z) = 1



T (z)T H(z) =
1
D
F{T (z)}TF{H(z)}

=
1
D

T (f)T H(f)

∑

∆x

||T (z + ∆x)T H(z)||2 =
1
D

H(f)T diag[T (f) · T ∗(f)]H(f)
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MACE Filter

• In spatial domain this optimization would be difficult and 
messy. Fortunately, things are simplified greatly in the 
Fourier domain since,

• and,

13

“Measure of aligned correlation”

“Measure of average cross-correlation energy”



S = diag{
N∑

n=1

Tn(f) · T ∗
n(f)}

C = [T1(f), . . . , TN (f)]

y = [D, . . . , D]T
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MACE Filter

• Problem can be formally written as, 

• where,

• Solution can be explicitly found in the frequency domain,

14

given,

arg min
H(f)

H(f)T SH(f)

“Concatenated training images”

“Average spectral energy”

CT H(f) = y

“Desired correlation output for each training image”

H(f) = S−1C(CT S−1C)−1y

“QP problem with 
equality constraints”
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ECP SDF Correlation Output

• Correlation output does not have a well defined correlation peak.

• Large sidelobes away from the peak making it difficult to locate the peaks

• No explicit control over the correlation plane other than at the origin

• No built-in tolerance to input noise

(a) (b)
H(f) =

1
N

N∑

n=1

Tn(f)
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Example of Average Template Response

15

(Bhagavatula)

“Average filter”
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MACE Filter Output

• MACE Filter produces much sharper correlation outputs.

(a) (b)
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Example of MACE Response

16

(Bhagavatula)

H(f) = S−1C(CT S−1C)−1y “MACE filter”



training set. The design of each of these 222 filters uses
all the 12 776 available generic training images in one
class versus the rest of the configuration (i.e., correlation
output is 1 at the origin for all authentic images and
correlation output is 0 for all other images from the
remaining 221 people), as illustrated in Fig. 8. Once the
N (in this case N ¼ 222) filters are designed, they are
used (just as in the case of eigenfaces) as shown in Fig. 9
to produce the output feature vector c for any image
represented by y, i.e.,

c ¼ HTy ¼ ½hmace#1hmace#2 . . .hmace#N$Ty (7)

where hmace#i is a filter is trained to give a small cor-
relation output (close to zero) for all classes except for
class i. In this example, the number of filters generated
from the FRGC generic training set is 222 since it contains
222 subjects. Then, each input image y (can be a gallery
image or a probe image) is projected onto those non-
orthogonal basis vectors to yield a 222-dimensional
correlation feature vector c. The similarity between the
probe image and the gallery image is computed as the
similarity between the corresponding 222-dimensional
feature vectors. By limiting the computations to just inner
products as in (7), we avoid the need for FFTs and the
necessary computations can be carried out in the image
domain. The CFA feature space dimensionality is a
function of the number of classes in the generic training
set and not the total number of images.

Kernel CFA: Due to the nonlinear distortions in human
face’s appearance, linear subspace methods have not
performed well in FR studies, especially when lacking
representative training data. As a result, common algo-
rithms such as PCA and LDA have been extended [25] to
represent nonlinear features. Since nonlinear mappings
increase the dimensionality, kernel tricks are used for
computational efficiency as they enable us to obtain the
necessary inner products in the higher dimensional feature
space without actually having to compute the higher
dimensional feature mapping.

Let !ðxÞ denote the nonlinear mapping of interest.
Then, the Kernel functions defined by Kðx; yÞ ¼
h!ðxÞ;!ðyÞi can be used without having to explicitly
map the features to a higher dimensional space as long as
kernels form an inner product and satisfy Mercer’ theorem
[26]. Examples of kernel functions are as follows.

Polynomial kernel:

Kða;bÞ ¼ ha;biþ 1ð Þpð Þ: (8)

Radial Basis Function kernel:

Kða;bÞ ¼ exp #ka# bk2=2!2
! "! "

: (9)

Sigmoidal Kernel:

ðKða;bÞ ¼ tanh kha;bi # "ð Þ: (10)

Fig. 8. Training CFA correlation filter bases using generic training data.

Kumar et al. : Correlation Pattern Recognition for Face Recognition

Vol. 94, No. 11, November 2006 | Proceedings of the IEEE 1971
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Visualizing MACE Filter

• Visualizing the MACE filter,
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Kernel CFA: Due to the nonlinear distortions in human
face’s appearance, linear subspace methods have not
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rithms such as PCA and LDA have been extended [25] to
represent nonlinear features. Since nonlinear mappings
increase the dimensionality, kernel tricks are used for
computational efficiency as they enable us to obtain the
necessary inner products in the higher dimensional feature
space without actually having to compute the higher
dimensional feature mapping.

Let !ðxÞ denote the nonlinear mapping of interest.
Then, the Kernel functions defined by Kðx; yÞ ¼
h!ðxÞ;!ðyÞi can be used without having to explicitly
map the features to a higher dimensional space as long as
kernels form an inner product and satisfy Mercer’ theorem
[26]. Examples of kernel functions are as follows.

Polynomial kernel:

Kða;bÞ ¼ ha;biþ 1ð Þpð Þ: (8)

Radial Basis Function kernel:

Kða;bÞ ¼ exp #ka# bk2=2!2
! "! "

: (9)

Sigmoidal Kernel:

ðKða;bÞ ¼ tanh kha;bi # "ð Þ: (10)

Fig. 8. Training CFA correlation filter bases using generic training data.

Kumar et al. : Correlation Pattern Recognition for Face Recognition

Vol. 94, No. 11, November 2006 | Proceedings of the IEEE 1971

(Bhagavatula)
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MACH Filter ExampleMACH Filter Example

Input Images

Output Correlations

• Distorted Input Images to theMACHfilter yield similarly

shaped outputs with small variations indicating reduced distortions
March, 2008 “Registration and Tracking, a Learning Perspective”

Correlation Filter Applications

• Found a lot of success in automatic target recognition (ATR),

18

(Bhagavatula)



in that the resulting PSR is only 30.6 but still high enough
to verify the subject’s identity. This tolerance to image
occlusions is in contrast to many image-domain (also
called space-domain) methods that first locate the two eyes
and then center and normalize the input image, prior to
computing features.

Shift-Invariance: Another important benefit from the use
of correlation filters is the resulting automatic shift

invariance. Since correlation filters are linear shift-
invariant filters, any translation in the test input image
will result in correlation output being shifted by exactly
the same amount. Since the first thing we do in processing
correlation outputs is to locate the correlation peak and
since filters are designed to yield centered correlation
peaks for centered training images, we do not need to
explicitly center the test image. Instead, we implicitly
center the test image by locating the correlation peak and

(a) (b)

Fig. 5. (a) Partially occluded input image and (b) corresponding output from a correlation filter designed from full training images.

Fig. 4. PSR values from Person 1’s correlation filter.

Kumar et al.: Correlation Pattern Recognition for Face Recognition

1968 Proceedings of the IEEE | Vol. 94, No. 11, November 2006March, 2008 “Registration and Tracking, a Learning Perspective”

Correlation Filters

• More recently has found success in biometrics (face and iris 
recognition):

19

(Bhagavatula)
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Correlation Filters

• Further reading,....

20

B. V. K. Vijaya Kumar, Abhijit Mahalanobis, 
Richard D. Juday, “Correlation Pattern 
Recognition”, Cambridge, 2005.  



p = {p1, p2}
p1

p 2
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Improving ES through FFT

• ES can still be awfully slow if we want our registration to run 
faster than real-time (i.e., 30 fps). 

• Since we are playing in the Fourier domain can anything be 
done? 

21

“Discrete Warp Space”



O(n log n) < O(n2)

March, 2008 “Registration and Tracking, a Learning Perspective”

Search through Correlation

• For the translation case, it turns out we can view the job as a 
2-D cross-correlation operation (   ),

22

∗

corr(p) = ∗

p = {x-translation, y-translation}

“Frequency” “Spatial”
Computation
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Correlation Filter Limitations

• Although elegant, correlation filters have some problems.
• Negative images are just circular shifts of the aligned images.
• Objects in natural images vary in more ways than that (scale/rotation).
• Does not give graceful degradation if object is not aligned exactly. 

• We are left with the problem of synthetically obtaining 
positive and negative examples of an object. 

• Two problems,
• Collecting positive and negative training examples.
• Learning a computationally feasible model with large dimensionality (D 

> 400 pixels) and large number of examples (N > 100,000s)
• Need to employ machine learning techniques that can deal 

with large amounts of data and generalize well from them. 

23



Figure 8: Example of frontal upright face images used for training.

did not contain faces. Different sets of non-face sub-windows were used for training the different classifiers

to ensure that they were somewhat independent and didn’t use the same features.

The non-face examples used to train subsequent layers were obtained by scanning the partial cascade

across large non-face images and collecting false positives. A maximum of 6000 such non-face sub-windows

were collected for each layer. There are approximately 350 million non-face sub-windows contained in the

9500 non-face images.

Training time for the entire 32 layer detector was on the order of weeks on a single 466 MHz AlphaS-

tation XP900. During this laborious training process several improvements to the learning algorithm were

discovered. These improvements, which will be described elsewhere, yield a 100 fold decrease in training

time.

5.3 Speed of the Final Detector

The speed of the cascaded detector is directly related to the number of features evaluated per scanned sub-

window. As discussed in section 4.1, the number of features evaluated depends on the images being scanned.

Evaluated on the MIT+CMU test set [13], an average of 8 features out of a total of 4297 are evaluated per

sub-window. This is possible because a large majority of sub-windows are rejected by the first or second

18
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Generating Positive Examples

24

• Coarsely normalize 
for scale, orientation 
and translation.

• Bad idea to 
normalize too much 
due to the nature of 
the discrete ES. 
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Generating Negative Examples

25

• Obtain a large number 
of non-object images 
(through the web).

• Randomly, sample 
through various 
positions within the 
images. 
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Learning a Discriminative Classifier

• If we are learning a classifier to discriminate between large 
training sets of positive and negative images we need,
• An algorithm that can learn sequentially (maybe impossible to optimize 

over all training data in batch)
• Good candidates:- Boosting, SVM (Platt’s method), Neural networks. 

• Classifiers that are computationally inexpensive due to ELS. 

26



Rowley, Baluja, and Kanade: Neural Network-Based Face Detection (PAMI, January 1998) 17

20 by 20

pixels

Neural networkPreprocessing

su
b
sa

m
p
li

n
g

Output

Extracted window Corrected lighting Histogram equalized
Hidden units

Receptive fields

(20 by 20 pixels)

Input image pyramid

Network

Input

Figure 1: The basic algorithm used for face detection.

Oval mask for ignoring

background pixels:

Original window:

Best fit linear function:

Lighting corrected window:

(linear function subtracted)

Histogram equalized window:

Figure 2: The steps in preprocessing a window. First, a linear function is fit to the intensity values

in the window, and then subtracted out, correcting for some extreme lighting conditions. Then,

histogram equalization is applied, to correct for different camera gains and to improve contrast.

For each of these steps, the mapping is computed based on pixels inside the oval mask, and then

applied to the entire window.
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ANNs for Learning

• Rowley, Baluja and Kanade (1998) had success applying 
Artifical Neural Networks (ANN).  

27

(Rowley)

- Works well, but ANN based on many heuristics.
- Computationally costly. (1 fps)
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A: 57/57/1

D: 1/1/1B: 4/2/0

E: 8/8/0

C: 4/3/0

Figure 11: Output obtained from System 11 in Table 1 on images from Test Set 1. For each image,

three numbers are shown: the number of faces in the image, the number of faces detected correctly,

and the number of false detections. Some notes on specific images: Faces are missed in B (one

due to occlusion, one due to large angle) and C (the stylized drawing was not detected at the same

locations and scales by the two networks, and so is lost in the AND). False detections are present in

A and D. Although the system was trained only on real faces, some hand drawn faces are detected

in C and E. A was obtained from the WorldWideWeb, B and E were provided by Sung and Poggio

at MIT, C is a CCD image, and D is a digitized television image.
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ANNs for Learning

• Examples of performance, 

28

(Rowley)
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SVMs for Learning

• Support vector machines (SVMs) were first employed by 
Osuna, Freund, and Girosi (1997) for face detection. 

• More elegant solution than Rowley et al.’s
• Better generalization properties (maximizing a margin)
• No heuristic feature selection. 

• Obtained reasonable results, but only for non-linear SVM.
• Using RBF kernel. 

• Still computationally expensive as SVM could contain 
100s-1000s of support vectors.  

29



3. Combine the weak classifiers (requires one multiply per feature, an addition, and finally a threshold).

A two feature classifier amounts to about 60 microprocessor instructions. It seems hard to imagine that

any simpler filter could achieve higher rejection rates. By comparison, scanning a simple image template,

or a single layer perceptron, would require at least 20 times as many operations per sub-window.

The overall form of the detection process is that of a degenerate decision tree, what we call a “cascade”

[11] (see Figure 6). A positive result from the first classifier triggers the evaluation of a second classifier

which has also been adjusted to achieve very high detection rates. A positive result from the second classifier

triggers a third classifier, and so on. A negative outcome at any point leads to the immediate rejection of the

sub-window.

T

F

T

F

T

F

1 2 3

Reject Sub!window

All Sub!windows

Further

Processing

Figure 6: Schematic depiction of a the detection cascade. A series of classifiers are applied to every sub-

window. The initial classifier eliminates a large number of negative examples with very little processing.

Subsequent layers eliminate additional negatives but require additional computation. After several stages of

processing the number of sub-windows have been reduced radically. Further processing can take any form

such as additional stages of the cascade (as in our detection system) or an alternative detection system.

The structure of the cascade reflects the fact that within any single image an overwhelming majority of

sub-windows are negative. As such, the cascade attempts to reject as many negatives as possible at the

earliest stage possible. While a positive instance will trigger the evaluation of every classifier in the cascade,

this is an exceedingly rare event.

Much like a decision tree, subsequent classifiers are trained using those examples which pass through all

the previous stages. As a result, the second classifier faces a more difficult task than the first. The examples

which make it through the first stage are “harder” than typical examples. The more difficult examples faced

by deeper classifiers push the entire reciever operating characteristic (ROC) curve downward. At a given

detection rate, deeper classifiers have correspondingly higher false positive rates.

12
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Cascade Classifier

• Instead of searching all regions of an image with the same 
complexity classifier, we can use a cascade. 

30

“Example of a Cascade Classifier”
(Viola & Jones)
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Training a Cascade

• Each level in the cascade relies heavily on a ROC curve.
• False Reject Rate (FRR) is held static for each level. 
• False Accept Rate (FAR) at every level should improve.

• For example if we are learning a cascade of linear 
classifiers,

• The threshold (Th) needs to be chosen such that the FRR is 
static and the FAR is reduced. 

• Approach, however, is prone to over-fitting, will work on only 
some classifiers.  

31

f(x) = wT x + b

object
≥
<

background

Th



Nz∑

i=1

βiΨ(zi) ≈
Nx∑

i=1

αiΨ(xi)

Ψ()← non-linear feature expansion
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Cascaded SVM 

• Romdhani et al. (2001) proposed a cascade strategy for 
employment with an SVM. 

• Employed a reduced set method which attempts to, 

• where,

• Approach attempts to find a reduced set of support vectors 
that approximate the full set given                    . 
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zi ∈ X xi ∈ X
X ← space of training images

βi ∈ Rαi ∈ R

Nz << Nx



the type (6) with Nz > 1. The required higher order re-
duced set vectors zi, i > 1 and their coefficients βi, are

obtained in recursive fashion by defining a residual vector

Ψm = Ψ −
m−1∑

i=1

βm−1,iΦ(zi), (9)

where Ψ is the original feature-space vector defined in (5).

Then the procedure for obtaining the first reduced set vec-

tor z1 is repeated, now withΨm in place ofΨ to obtain zm.

However, the optimal β from this step is not used, instead

optimal βm,i, i = 1, . . . ,m are jointly computed [8]. Fig-

ure 1 demonstrates the effects on the classification boundary

of sequential reduced set vector evaluation. Note that there

is a law of diminishing returns, the first few RV’s yielding

the greatest increase in discrimination.

Figure 1: The result of the sequential application of RV’s (stars)
to a classification problem, showing the result of using 1,2,3,4,9

and 13 RV’s Darker regions indicate strong support for the classi-

fication.

Thresholds. For any Nz , the obtained expansion can be

plugged into the SVM decision function (3) to yield f(x) =
sgn

(∑Nz

j=1 βjk(x, zj) + b
)

. It is, however, not optimal to

simply re-use the offset b stemming from the original SV

machine. Reduced set approximations of decision functions

can be improved by recomputing the thresholds bj based on

the training set or some validation set [8], to get

fNz (x) = sgn




Nz∑

j=1

βjk(x, zj) + bNz



 . (10)

This is especially true in the present setting, as will become

clear in the following.

4 Training

Initially the SVM was trained on 3600 frontal face and

25000 non-face examples using Platt’s Sequential Minimal

Optimisation [4]. The kernel used was Gaussian (Equa-

tion 4) with a standard deviation σ of 3.5. The trade-off
between margin maximization and training error minimiza-

tion, was set to 1. The non-face patches were taken ran-

domly on a set of 1000 images containing no faces. The

SVM selected 1742 support vectors.

To improve the performance of the classifier a second

bout of training was initiated: To decrease the number of

false positives the face detector was applied on a new set of

100 images which did not contain any faces. This gener-

ated 110000 false positive patches which were then added

to the training. To decrease the number of false negatives,

virtual faces were generated and added to the training set.

These virtual faces were computed by modifying the con-

trast or by adding an illumination plane to the faces of the

original training set. This alleviates the need of computing

a pre-processing at detection time and increase the run-time

performance of our algorithm. The SVMwas then retrained

using this new training set which yielded 8291 support vec-

tors. These were subsequently decreased to 100 reduced set

vectors. Note that a retraining using the misclassifications

of a previous training has been shown in [5] to produce a

greatly improved classifier.

Figure 2: First 10 reduced set vectors. Note that all vectors can
be interpreted as either faces (e.g. the first one) or anti-faces (e.g.

the second one)

.

5 Face Detection by Sequential Eval-

uation

At detection time, each pixel of an input image is a po-

tential face (a large number). To detect faces at different

scales an image pyramid is constructed. If w and h are the

width and the height of the input image and L and s the

number of sub-sampling levels and the sub-sampling rate,

respectively, the total number of patches to be evaluated is

Np =
∑L

l=1 whs2(l−1). Evaluating the full SVM or even

the whole set of reduced vectors on all patches would be

slow. A large portion of the patches can be easily classified

using only a few reduced set vectors. Hence we propose the

following Sequential Evaluation algorithm, to be applied to

3
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Cascaded SVM

• Examples of a reduced set SVM,

33

(Romdhani)
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Cascaded SVM Results

• Vast majority of regions in an natural image can be rejected 
using small      . 

34

Nz

each overlapping patch x of an input image.

1. Set the hierarchy level tom = 1.

2. Evaluate ym = sgn
(∑m

j=1 βm,jKj + bm

)
where Kj =

k(x, zj).

3. • if ym < 0, x is classified as a non-face and the
algorithm stops.

• if ym ≥ 0, m is incremented. If m = Nz the

algorithm stops, otherwise evaluation continues

at step 2.

4. if yj ≥ 0 and j = Nz , the full SVM is applied on the

patch x, using equation 3. If the evaluation is positive
the patch is classified as a face.

The main feature of this approach is that on average, rela-

tively few kernelsKj have to be evaluated at any given im-

age location — i.e., for most patches, the algorithm above

stops at a level j " Nz . This speeds up the algorithm rela-

tive to the full reduced set (by more than an order of magni-

tude in the face classification experiments reported below).

Note that in the case of gaussian kernels, the application of

one reduced set vector amounts to a simple template match-

ing operation.

Setting offsets. The offsets bm are fixed to obtain a de-

sired point on the R.O.C. for the overall sequential scheme.

Suppose an overall false negative rate ν is required, then,
given a “decay rate” α, we express ν as a geometric series
by setting false negative rates νm for themth level in the hi-
erarchy to νj = ανj−1 where ν1 = ν(1−α).Now each bm

is fixed to achieve the desired νm over a validation set. The

free parameter α can now be set to maximize the overall

true positive rate over the validation set.

6 Results

Within this section the new sequential evaluation algorithm

is tested for speed and accuracy.

Speed Improvement. At detection time, due to the se-

quential evaluation of the patches, very few reduced set vec-

tors are applied. Figure 3 shows the number of reduced set

vectors evaluated per patches for different methods (SVM,

RSM and SRSM (Sequential Reduced Set Machine)), when

the algorithm is applied to the photo in Fig 4. The Full

SVM and the RSM evaluate all their support or reduced set

vectors on all the patches, while the SRSM uses on average

only 2.8 reduced set vectors per patch. Figure 4 shows the

patches of an input image which remain after 1, 10, 20 and

30 sequential reduced set evaluations on an image with one
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Figure 3: Number of reduced set vectors used per patch for the
full SVM (8291 support vectors), Reduced Set SVM and Sequential

Reduced Set SVM (both at 100 reduced set vector)

Figure 4: From left to right: input image, followed by portions
of the image which contain un-reject patches after the sequential

evaluation of 1 (13.3% patches remaining), 10 (2.6%), 20 (0.01%)

and 30 (0.002%) support vectors. Note that in these images, a

pixel is displayed if it is part of any remaining un-rejected patch

at any scale, orientation or position This explains the apparent

discrepancy between the above percentages and the visual impres-

sion.

face, figure 5 shows the results on an image with multiple

faces.

Figure 7 shows the number of reduced set vectors used

to classify each patch of an image. The intensities values

of the pixels of the right image are proportional to the num-

ber of reduced set vectors used to classify the corresponding

spot in the left image (note that the intensities are displayed

at the center of the corresponding patches only). The uni-

form parts of the input image are easily rejected using a sin-

gle reduced set vector, whereas the cluttered background re-

quires more reduced set vectors. Note that very few patches

needed all the reduced set vectors (only the patches contain-

ing the faces used all the reduced set vectors).

Accuracy. Figure 6 shows a comparison of the accuracy

of the different methods. These R.O.C. were computed on

a test set containing 800 faces and 5000 non-faces. The ac-

curacy of the SRSM (100 reduced set vectors) is very sim-

ilar to the accuracy of the full SVM (8291 support vectors)

and the RS (100 reduced set vectors) which perform equally

well.

To compare our system with others, we used the Row-

4

(Romdhani)
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Computational Savings

• Employing a cascade strategy can lead to sizable speedup. 
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Review
Face detection

Boosting

Features

(Sub)image I(x, y)

Two adjacent regions R1, R2

R1

R2

Feature value:

f(I) =
∑

(x,y)∈R2

I(x, y)−
∑

(x,y)∈R1

I(x, y)

March, 2008 “Registration and Tracking, a Learning Perspective”

Improving Speed Further

• Can we make ES even faster by moving away from pixels?
• Viola & Jones (2001) suggested using box filters. 
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Review
Face detection

Boosting

The “box filters”

Three types of box filters

Vary size, aspect ration, location,
orientation

Defined over 24×24 window
⇒ 160,000 distinct features

Classifier using a single feature:

h(I) =

{
+1 (i.e., face) if f(I) > T,

−1 otherwise.

March, 2008 “Registration and Tracking, a Learning Perspective”

Box Filters
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Learning with Box Filters

• Boosting is ideally suited to be used with box filters.
• Techniques like AdaBoost, LogitBoost or GentleBoost can 

naturally learn a complex classifier from a cascade of weak 
classifiers.  
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Review
Face detection

Boosting

Ensemble classifiers

Often easy to find a weak classifier h(x) with error < 1/2.

Idea: use a linear combination of many weak classifiers

H(x) = sign

(
M∑

m=1

αmhm(x)

)

Not same as majority voting, as long as αm != 1
(Black)



Review
Integral images

ROC and cascade
Extensions and other applications

Integral image

We need to compute the box filter values many, many
times ⇒ must do it very fast!

Trick: use integral image for I(x, y):

II(x, y) =
∑

x′≤x, y′≤y

I(x′, y′) (x, y)

ΣI(x′, y′)
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Why do this?

• We need to compute the box filter values many, many times 
and we must do it very fast!
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Review
Integral images

ROC and cascade
Extensions and other applications

Integral image and box filters

Computing sum of pixels in a rectangular area:

f(A) = II(A) − II(B)

− II(C) + II(D)

A 3-box filter takes 8 array
lookups!

A

B

C

D
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Computing Integral Images

• Computing sum of pixels in a rectangular area:

46

• A 3 box filter array             takes only 8 lookups.  

Review
Integral images

ROC and cascade
Extensions and other applications

Integral image and box filters

Computing sum of pixels in a rectangular area:

f(A) = II(A) − II(B)

− II(C) + II(D)

A 3-box filter takes 8 array
lookups!

A

B

C

D
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Computational Comparison

• To evaluate a 24x24 region of an image using pixels with a 
linear classifier takes 576 lookups and flops.

• Conversely, to evaluate a 24x24 region with a 3 box filter 
classifier takes 8 lookups and flops. 

• Technique provides a method to do even faster ELS.  
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Detector

False detections

10 31 50 65 78 95 110 167 422

Viola-Jones 78.3% 85.2% 88.8% 89.8% 90.1% 90.8% 91.1% 91.8% 93.7%

Rowley-Baluja-Kanade 83.2% 86.0% - - - 89.2% - 90.1% 89.9%

Schneiderman-Kanade - - - 94.4% - - - - -

Roth-Yang-Ahuja - - - - (94.8%) - - - -

Table 3: Detection rates for various numbers of false positives on the MIT+CMU test set containing 130

images and 507 faces.

The Sung and Poggio face detector [18] was tested on the MIT subset of the MIT+CMU test set since

the CMU portion did not exist yet. The MIT test set contains 23 images with 149 faces. They achieved a

detection rate of 79.9% with 5 false positives. Our detection rate with 5 false positives is 77.8% on the MIT

test set.

Figure 10 shows the output of our face detector on some test images from the MIT+CMU test set.
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step=1.0, first scale=1.0 
step=1.5, first scale=1.25

Figure 9: ROC curves for our face detector on the MIT+CMU test set. The detector was run once using a

step size of 1.0 and starting scale of 1.0 (75,081,800 sub-windows scanned) and then again using a step size

of 1.5 and starting scale of 1.25 (18,901,947 sub-windows scanned). In both cases a scale factor of 1.25 was

used.
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“Evaluation reported on the MIT-CMU Face Database”

(Viola & Jones)



Figure 10: Output of our face detector on a number of test images from the MIT+CMU test set.
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Figure 10: Output of our face detector on a number of test images from the MIT+CMU test set.
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Figure 10: Output of our face detector on a number of test images from the MIT+CMU test set.

25

Figure 10: Output of our face detector on a number of test images from the MIT+CMU test set.
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Examples of Detections

48
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Recent Improvements

• More recently Schneiderman (2004) reported improved 
results using a Semi-Naive Bayesian classifier. 

• Technique used a cascade of box filters, but used a mutual 
information (MI) to group features into independent sets.
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Question?

• ELS is feasible for warps in 3-4 dimensional space (e.g., 
translation, scale and perhaps rotation).

• What happens if we want finer alignment than this?

50

“Is there an alternative to ELS?”
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Alternative?

• Is there perhaps some relationship between, 

51

Appearance Displacement
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“Stay Tuned”
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Overall Course Outline

• Lecture 2
• Discriminative Models for ES Registration
• Efficient ES using FFT.

– Correlation Filters.      - Neural Networks
– Support Vector Machines

•  Efficient ES using integral images
– Adaboost                    - Mutual Information

• Speed and performance comparisons.

•  Lecture 3
• Gradient Search (GS)
• Generative models for GS
• Lucas-Kanade, Black-Jepson algorithms
• Speeding up GS through Inverse Composition

2
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Two Problems in Registration

1.Learning,

• How do I learn an object template/model that satisfactorily 
discriminates between the object and the image 
background?

2.Fitting,

• How do I efficiently evaluate the object template/model 
across all possible warp values? 

3

(We might have to revisit this?)

“As we will show through this course, both questions are linked!!!”

(Is there an alternative to ES?)
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Naive Approach to Registration

• If you were a person coming straight from machine learning 
you might suggest,

4

“Images of Object at various warps”
“Vectors of pixel values at 

each warp position”

[255,134,45,.......,34,12,124,67]

[123,244,12,.......,134,122,24,02]

[67,13,245,.......,112,51,92,181]

[65,09,67,.......,78,66,76,215]

...........



object
≥
<

background

Th
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Naive Approach to Registration

• If you were a person coming straight from machine learning 
you might suggest,

5

“Vectors of pixel values at 
each warp position”

[255,134,45,.......,34,12,124,67]

[123,244,12,.......,134,122,24,02]

[67,13,245,.......,112,51,92,181]

[65,09,67,.......,78,66,76,215]

...........

f(                            )
“classifier”

“ES is fundamentally 
computationally expensive.”
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Naive Approach to Registration

6



≈
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Slightly Less Naive Approach

• Instead of sampling through all possible warp positions to 
find the best match, let us instead learn a regression,

7

W
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f(                            )
“regressor”

Warp Displacement

Appearance Displacement

f()

“No longer have to make discrete 
assumptions about warps.”
“Makes warp estimation 
computationally feasible.”
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Problems?

• For us to learn this regression effectively we need to 
make a couple of assumptions.
• What is the distribution             of warp displacements?
• Is there a relationship between appearance displacement and 

warp displacement?
• When does this relationship occur, when does it fail?

8

T (W(z;0)) T (W(z; ∆p))

p(∆p)
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Reminder: Pixel Coherence Assumption

• The pixel similarity between one warp position in an image 
and another warp position degrades gracefully as a function 
of distance.

9

“Template”

“Source Image”
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Reminder: Pixel Coherence Assumption

10

x - tr
anslation

y - translation

si
m

ila
rit

y

“Correlation function
for a natural image”

p = {x-translation, y-translation}
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Natural Images

What do these bases look 

like?

Fleet & Szeliski

8X8 image patches
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Reminder: Eigen-Patches

• Does this look familiar?
• 8x8 patches

• DCT2 - basis image set.
• Forms the basis of modern-

day image and video coding.

• Pixels in natural images 
are naturally correlated 
with one another.  

11

(Szeliski and Fleet)
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Pixel Coherence 

• The pixel coherence assumption demonstrates that pixels 
within natural images are heavily correlated with one 
another within a local neighborhood     (e.g., +/- 5 pixels). 

• For example,  

12

N

CS143 Intro to Computer VisionSept, 2007 ©Michael J. Black

Image Filtering

3 4 3

2 ? 5

5 4 2

3

What assumptions are you 

making to infer the center value?

“Typically assume that pixels 
within +/- 3, 5 or 7 pixels are 
highly correlated.”
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Estimating Gradients

14

• Images are a discretely sampled representation of a 
continuous signal,
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• What if I want to know       given that I have only the 
appearance at         and                   ?I(x0 + ∆x)
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Estimating Gradients

15

(Black)

∆x
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• Again, simply take the Taylor series approximation?
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Estimating Gradients

16

(Black)
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I(x0 + ∆x) ≈ I(x0) +
∂I(x0)

∂x

T

∆x

∂I(x0)
∂x



• Again, simply take the Taylor series approximation,

• Therefore,

• We refer to             as the gradient of the image at      . 

∆x ≈
(

∂I(x0)
∂x

∂I(x0)
∂x

T
)−1

∂I(x0)
∂x

[I(x0 + ∆x)− I(x0)]
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Estimating Gradients

17

I(x0 + ∆x) ≈ I(x0) +
∂I(x0)

∂x

T

∆x

∂I(x0)
∂x

x0



• Traditional method for calculating gradients in vision is  
through the use of edge filters. (e.g., Sobel, Prewitt).

• where, 

∗

∗
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Gradients through Filters

18

“Horizontal”

“Vertical”

∂I(x)
∂x

= [∇Ix(x),∇Iy(x)]T

∇Iy

∇Ix

I

“Often have to apply a 
smoothing filter as well.”



I(x + ∆x) ≈ I(x) + wT
x ∆x + b

I(
x

+
∆

x)
−

I(
x)

∆x ∈ N
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Gradients through Regression

• Another strategy is to learn a least-squares regression for 
every pixel in the source image such that,

19

wx

Why does b have 
to equal zero?



wx =

(
∑

∆x∈N
∆x∆xT

)−1 (
∑

∆x∈N
∆x[I(x + ∆x)− I(x)]

)
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Gradients through Regression

• Can be written formally as,

• Solution is given as, 

20

arg min
wx

∑

∆x∈N
||I(x + ∆x)− I(x)−wT

x ∆x||2



• Can solve for gradients using least-squares regression.
• Has nice properties: expand neighborhood, no heuristics. 

• where, 
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Gradients through Regression

21

∇Iy

∇Ix

I

Learn
Regressor
for each 

Pixel

∂I(x)
∂x

= [∇Ix(x),∇Iy(x)]T = [wx, wy]T



→ ∆p∆z =




∆x1

...
∆xN



→
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Possible Solution?

• Could we now just solve for individual pixel 
translation, and then estimate a complex warp from 
these motions?  

22

“Motion Field for Rotation”
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Spatial Coherence

Assumption

* Neighboring points in the scene typically belong to the same   

surface and hence typically have similar motions.

* Since they also project to nearby points in the image, we expect 

spatial coherence in image flow.
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Spatial Coherence

23

• Problem is pixel noise. Individual pixels are too noisy to be 
reliable estimators of pixel movement (optical flow). 

• Fortunately, neighboring points in the scene typically belong 
to the same surface and hence typically have similar 
motions               .W(z;p)



xi = i-th 2D coordinate
p = parametric form of warp
z = concatenation of all points in the template
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Reminder: Warp Functions
• To perform alignment we need a formal way of describing 

how the template relates to the source image.
• To do this we can employ what is known as a warp function:-

24

W(x;p)

z =

[

x
T

1 , . . . ,x
T

N

]T

where,
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Lucas-Kanade Algorithm

• Lucas & Kanade (1980) realized this and proposed a 
method for estimating warp displacement using the 
principles of gradients and spatial coherence.

•  Technique applies Taylor series approximation to any 
spatially coherent area governed by the warp              . 

26

W(z;p)

I(W(z;p + ∆p)) ≈ I(W(z;p)) +
∂I(W(z;p))
∂W(z;p)

T ∂W(z;p)
∂p

T

∆p

“We consider this
image to always
be static....”
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Lucas-Kanade Algorithm

• Lucas & Kanade (1980) realized this and proposed a 
method for estimating warp displacement using the 
principles of gradients and spatial coherence.

•  Technique applies Taylor series approximation to any 
spatially coherent area governed by the warp              . 

27

W(z;p)

I(W(z;p + ∆p)) ≈ I(W(z;p)) +
∂I(W(z;p))
∂W(z;p)

T ∂W(z;p)
∂p

T

∆p
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Lucas-Kanade Algorithm

• Lucas & Kanade (1980) realized this and proposed a 
method for estimating warp displacement using the 
principles of gradients and spatial coherence.

•  Technique applies Taylor series approximation to any 
spatially coherent area governed by the warp              . 

28

W(z;p)

∇Iy ∇Ix

I(W(z;p + ∆p)) ≈ I(W(z;p)) +
∂I(W(z;p))
∂W(z;p)

T ∂W(z;p)
∂p

T

∆p
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Lucas-Kanade Algorithm

• Lucas & Kanade (1980) realized this and proposed a 
method for estimating warp displacement using the 
principles of gradients and spatial coherence.

•  Technique applies Taylor series approximation to any 
spatially coherent area governed by the warp              . 

29

W(z;p)

I(W(z;p + ∆p)) ≈ I(W(z;p)) +
∂I(W(z;p))
∂W(z;p)

T ∂W(z;p)
∂p

T

∆p



N × 1 N × 2N 2N ×K

N = number of pixels
K = number of warp parameters
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Lucas-Kanade Algorithm

• Lucas & Kanade (1980) realized this and proposed a 
method for estimating warp displacement using the 
principles of gradients and spatial coherence.

•  Technique applies Taylor series approximation to any 
spatially coherent area governed by the warp              . 

30

W(z;p)

N × 1

I(W(z;p + ∆p)) ≈ I(W(z;p)) +
∂I(W(z;p))
∂W(z;p)

T ∂W(z;p)
∂p

T

∆p



• Often just refer to, 

                           as the “Jacobian” matrix. 
• Also refer to,

                             as the “pseduo-Hessian”.  
• Finally, we can refer to,

                             as the “template”. 
  

J =
∂I(W(z;p)
∂W(z;p)

T ∂W(z;p)
∂p

T
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Lucas-Kanade Algorithm

31

H = JT J

T (z) = I(W(z;p + ∆p)



• Actual algorithm is just the application of the following steps,                                                                             

 

  keep applying steps until        converges. 
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Lucas-Kanade Algorithm

32

Step 1:

Step 2:

∆p

p← p + ∆p

∆p = H−1JT [I(W(z;p))− T (z)]
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LK for Optical Flow

• Optical flow is typically calculated from a local region of 
pixels (i.e., patch) using LK. 

• Warp function used is normally just translation.  

33
CS143 Intro to Computer VisionOct, 2007 ©Michael J. Black

Problem

“Extremely useful for
gaining stereo vision.”
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Examples of LK Alignment

34
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Optimization Interpretation

• The optimization employed with the LK algorithm can be 
interpreted as Gauss-Newton optimization. 

• Other non-linear least-squares optimization strategies have 
been investigated (Baker et al. 2003)
• Levenberg-Marquadt
• Newton
• Steepest-Descent

• Gauss-Newton in empirical evaluations has appeared to be 
the most robust (Baker et al.). 

35
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Computation Concerns

• Unfortunately, the LK algorithm can still be computationally 
expensive. 
• Requires the re-computation of the Jacobian matrix. 

• With the additional inversion of the Hessian matrix at each iteration. 

36

J =
∂I(W(z;p)
∂W(z;p)

T ∂W(z;p)
∂p

T

H = JT J

“Is there any way we can pre-compute any of this?”



z1 = [0, 0, 0.5, 1, 1, 0]T

z2 = [0, 0, 0.25, 0.5, 0.5, 0]T
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Composite Warps

• Some warps (such as the affine warps and its subsets) can 
be composed. 

37

[0,0] [1,0]

[0.5,1]

[0,0] [0.5,0]

[0.25,0.5]



∆p21 = arg min
∆p

||z1 −W(z2; ∆p)||2

W(z1; ∆p21)




0, 0.25, 0.5
0, 0.5, 0
1, 1, 1



M21 =




0, 0.5, 1
0, 1, 0
1, 1, 1





March, 2008 “Registration and Tracking, a Learning Perspective”

Composite Warps

• Let us try and find the warp that maps from tri 2 to 1,

38

[0,0] [0.5,0]

[0.25,0.5]

[0,0] [1,0]

[0.5,1]

“In matrix form.”



• Similarly, find the warp that maps from tri 1 to 2,

W(z2; ∆p12)




0, 0.5, 1
0, 1, 0
1, 1, 1



M12 =




0, 0.25, 0.5
0, 0.5, 0
1, 1, 1




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Composite Warps

39

[0,0] [0.5,0]

[0.25,0.5]

[0,0] [1,0]

[0.5,1]

∆p12 = arg min
∆p

||z2 −W(z1; ∆p)||2

“In matrix form.”
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Composite Warps

• For nearly all warps, except translation. 

• However, with an affine warp the following 
relationship does hold,

• Or more generally, 

• where              is the inverse warp.  

40

p12 != −p21

M12 = M−1
21

z1 = W(W(z1;p12);p21)
= W−1(W(z1;p12);p12)

W−1()



a×−s #= b

b× s = a
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Composite Warps

• Intuition: most warps contain scale. 
• If,                     

      then,                     

but,

41

a× s−1 = b
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Compositional Image Alignment

• Additive Image Alignment – Lucas & Kanade

I(x)

W(x;p)
T(x)

W(x;p+Δp)

I(x)

T(x)

W(x;p)

I(W(x;p))

W(x;p) o W(x;Δp)

• Compositional Alignment – Shum & Szeliski

W(x;Δp)W(x;0 + Δp) = W(x;Δp)

42
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Inverse Compositional Alignment

I(x)

W(x;Δp)

T(x)

W(x;p)

I(W(x;p))

W(x;p) o W(x;Δp)

• Forwards compositional

I(x)

W(x;Δp)

T(x)

W(x;p)

I(W(x;p))

W(x;p) o W(x;Δp)-1

• Inverse compositional

43



I(W(W(z; ∆p);p)) ≈ I(W(z;p)) +
∂I(W(z;p))

∂W(z;0)

T ∂W(z;0)
∂p

T

∆p
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Composite Warps in LK

• Shum & Szelski demonstrated that composite warps can be 
introduced into the LK algorithm.

• So we replace,

44

I(W(z;p + ∆p)) ≈ I(W(z;p)) +
∂I(W(z;p))
∂W(z;p)

T ∂W(z;p)
∂p

T

∆p

“Forward Additive Approximation”

“Forward Composition Approximation”



• Actual algorithm is just the application of the following steps,                                                                             

 

  keep applying steps until        converges. 

Jfc =
∂I(W(z;p)
∂W(z;0)

T ∂W(z;0)
∂p

T

Hfc = JT
fcJfc
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Forward-Composition Algorithm

45

Step 1:

Step 2:

∆p

W(z;p)←W(W(z; ∆p);p)

∆p = H−1
fc JT

fc[I(W(z;p))− T (z)]

“Forward Composition”
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Inverse-Composition

• Forward Composite (FC) still has the same problems as with 
Forward Additive (FA) (recomputing the Jacobian).

• However, if we assume the template is not static we can 
invert our problem using the approximation, 

    given,

• but in fact apply the update to the mis-aligned source image 
by inverting the composite warp.    

46

I(W(z;p)) ≈ T (W(z;0)) +
∂T (W(z;0))

∂W(z;0)

T ∂W(z;0)
∂p

T

∆p

T (W(z;0)) = I(W(W(z; ∆p);p)

“Inverse Composition Approximation”



• Actual algorithm is just the application of the following steps,                                                                             

 

  keep applying steps until        converges. 

Hic = JT
icJic
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Inverse-Composition Algorithm

47

Step 1:

Step 2:

∆p

Jic =
∂T (W(z;0)
∂W(z;0)

T ∂W(z;0)
∂p

T

∆p = H−1
ic JT

ic[T (z)− I(W(z;p))]

W(z;p)←W(W−1(z; ∆p);p) “Inverse Composition”

“Static”
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Inverse Composition Algorithm

• Baker et al. (2002) demonstrated that there is no empirical 
difference between the FA and IC algorithms. 

• A massive bonus of the IC algorithm is that the Hessian and 
Jacobian matrices can all be pre-computed.

• In recent evaluations (Baker et al.) on complex warps the IC 
approach could register and track objects at close to 200 
fps.  

48
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Appearance Variation

• Like for the ES methods GS approaches also have to deal 
with appearance variation. 

49
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Eigen-Objects

• Black & Jepson (1998) first proposed that the DFFS method 
of Moghaddam & Pentland employed for ES could be 
applied within GS. 

51

T (z) + A∆λ ≈ I(W(z;p)) + J∆p
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Eigen-Objects

• Black & Jepson (1998) first proposed that the DFFS method 
of Moghaddam & Pentland employed for ES could be 
applied within GS. 

52

T (z) + A∆λ ≈ I(W(z;p)) + J∆p
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Eigen-Objects

• Black & Jepson (1998) first proposed that the DFFS method 
of Moghaddam & Pentland employed for ES could be 
applied within GS. 

53

T (z) + A∆λ ≈ I(W(z;p)) + J∆p
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Eigen-Objects

• Black & Jepson (1998) first proposed that the DFFS method 
of Moghaddam & Pentland employed for ES could be 
applied within GS. 

54

J =
∂I(W(z;p)
∂W(z;p)

T ∂W(z;p)
∂p

T

T (z) + A∆λ ≈ I(W(z;p)) + J∆p



• Simultaneous algorithm is just the application of the 
following steps,                                                                          

Jsim = [J,A] Hsim = JT
simJsim

[
∆p
∆λ

]
= H−1

simJT
sim[I(W(z;p))− T (z)]

T (z)← T (z) + A∆λ
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Simultaneous Algorithm

55

Step 1:

Step 2:

p← p + ∆p

keep applying steps until        converges.                                                                             ∆p



arg min
∆λ,∆p

η[T (z) + A∆λ− I(W(z;p))− J∆p]
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Robust Error Functions

• Well known that least-squares optimization is extremely 
sensitive to outliers (e.g., occlusion) 

• Black & Jepson proposed replacing the least-squares error 
function, 

with a robust error function      ,

56

η()

arg min
∆λ,∆p

||T (z) + A∆λ− I(W(z;p))− J∆p||2
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Robust Error Functions

57

−2 −1 0 1 2
z

E(z)
Least-Squares
Hinge (SVM)

Logistic 
True Error

η(z)
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Computation Concerns

• Baker et al. reformulated the “simultaneous” algorithm within 
the IC framework.

• However, no major speedup as the Jacobian matrix needs to 
still be re-estimated at each iteration due to the appearance 
change.  

• Can be incorporated, however, if we simply “project out” the 
appearance variation from the IC linear model.   

58



• We can simply “project-out” the appearance variation,                                                                             

 

  keep applying steps until        converges. 

Jpo = Jic −AAT Jic Hpo = JT
poJpo
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Project-Out Algorithm

59

Step 1:

Step 2:

∆p

W(z;p)←W(W−1(z; ∆p);p) “Inverse Composition”

“Static”

∆p = H−1
po JT

po[T (z)− I(W(z;p))]
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Next: Non-Rigid Warps
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Overall Course Outline

• Lecture 3
• Gradient Search (GS)
• Generative models for GS

• Lucas-Kanade, Black-Jepson algorithms
• Speeding up GS through Inverse Composition

• Lecture 4
• Non-Rigid Warps - Active Appearance Models
• Discriminative models for GS

• Support Vector Tracking (SVT)
• Regression Search (RS)

• Williams & Blake 

2
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Warping is now a problem

translation rotation aspect

affine
perspective

cylindrical

!"#$%&'()#*%+,

Szeliski and FleetMarch, 2008 “Registration and Tracking, a Learning Perspective”

Rigid Warps

• Up until now, we have been limited to dealing with objects 
that lie conveniently within a rectangle. 

• These objects can only deform rigidly, 

3
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Non-Rigid Warps

• What happens if I want to deal with non-rigid warps, 

4

(Szeliski and Fleet)
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Active Appearance Models

• Introduced by Cootes and Taylor in 1998
• Example of class of deformable models which also includes 

Active Blobs (Sclaroff and Isidoror), Active Shape Models 
(Cootes and Taylor) and Morphable Models (Blanz and 
Vetter)

• Used successfully on faces, hands, and in medical imaging

5

(Matthews and Gross)
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Fitting Modeling

Active Appearance Models

• Separately model object shape and appearance

Appearance

Shape
0.12
-0.34
6.78
-12.2
0.01

Parameters ImageAAM

6

(Matthews and Gross)
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Active Appearance Models

7

(Matthews and Gross)
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Lecture Overview

• How do you build an AAM?
• How do you fit an AAM to an image?

• What is the general approach?
• How can we do it efficiently?

• Extensions

8

(Matthews and Gross)
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Model Building - Definition

• Define a set of landmarks on a face that can be reliably 
located in an image

• Still open questions:
• How many landmarks, which landmarks

9

(Matthews and Gross)



March, 2008 “Registration and Tracking, a Learning Perspective”

Model Building - Labeling

(x1, y1, x2, y2, . . . , xn, yn)

Manually label lots and lots of data

10

(Matthews and Gross)
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Don’t Care!

• Various sources of shape variations between individual 
images
• Identity
• Facial expression
• Position in the image

Model Building - Shape

11

(Matthews and Gross)
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• Procrustes analysis
• Removes variation due to predetermined shape transformation

Shape Alignment 

12

(Matthews and Gross)
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Principal Component Analysis

Building a Shape Model

Input Shape Basis Parameters

=

13

(Matthews and Gross)
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PCA on Appearance

Original

Full

20 dim.

10 dim.

14

(Matthews and Gross)
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PCA Shape Model

• Input: 
Bunch of aligned face shapes

• Output
Mean shape and the direction of the largest variations 
(eigenvectors)

15

(Matthews and Gross)



p = [p1, p2, . . . , pK ]T
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PCA Shape Model

s0

Mean Face First 3 Shape Modes

s1 s2 s3

Shape Model

Shape Parameters

16

(Matthews and Gross)

W(z;p) = s0 +
K∑

k=1

pksk
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Construction of Appearance Model

Warp to mean shape 

s0

PCA on Appearance

17

(Matthews and Gross)
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PCA Appearance Model

• Input:
Bunch of shape normalized textures

• Output:
Mean appearance and appearance eigenvectors

18

(Matthews and Gross)
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AAM Appearance Model

A0(u)

Mean Face First 3 Appearance Modes

A1(u) A2(u) A3(u)

A(u) = A0(u) +
m∑

i=1

λiAi(u)

(λ1, λ2, . . . , λn)T

Appearance Model

Appearance Parameters

19

(Matthews and Gross)

A0(z) A1(z) A2(z) A3(z)

T (z) = A0(z) +
M∑

m=1

λiAm(z)
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AAM Model Building Overview

ProcrustesProcrustes

PCA PCA

Shape Modes
s0 s1 s2

Appearance Modes
A0 A1 A2

20
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Model Instantiation

21

(Matthews and Gross)

W(z;p)

T (z) A0(z) 3559A1(z) 351A2(z) 256A3(z)

T (W(z;p))

z



T (W(z;p))

W(z;p) = s0 +
K∑

k=1

pksk
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Model Instantiation

Warp

Source Image 

2D Similarity Transform

22

(Matthews and Gross)

T (z) = A0(z) +
M∑

m=1

λiAm(z)
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A Parameterized Face

23

(Matthews and Gross)
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Things to Note

• AAMs are linear models
• Efficiently capture non-rigid face deformations

• AAMs are entirely data-driven
• No “face constraints”

• We discussed independent AAMs. “Combined” AAMs add 
an additional PCA on the combined shape and appearance 
parameters.

24

(Matthews and Gross)
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Hand AAM

25

(Matthews and Gross)
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Things to Note

• AAMs are linear models
• Efficiently capture non-rigid face deformations

• AAMs are entirely data-driven
• No “face constraints”

• We discussed independent AAMs. “Combined” AAMs add 
an additional PCA on the combined shape and appearance 
parameters.

26

(Matthews and Gross)
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Fitting Modeling

Active Appearance Models

Appearance

Shape
0.12
-0.34
6.78
-12.2
0.01

Parameters ImageAAM

Determine the best model parameters to reconstruct
the image

27

(Matthews and Gross)



arg min
∆λ,∆p

||T (z) + A∆λ− I(W(z;p))− J∆p||2

∂W(z;p)
∂p

T

= [s1, . . . , sK ]
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AAM - Fitting “Simultaneous”

• Now that we have defined an AAM, how should do the fitting?
• Turns out, we can still use the “simultaneous” extension of the 

LK algorithm, 

• where,

28

J =
∂I(W(z;p)
∂W(z;p)

T ∂W(z;p)
∂p

T



• Even faster if we use the inverse composition (IC) extension 
as well as “projecting out” the appearance, 

• where,

arg min
∆p

||T (z) + Jic∆p− I(W(z;p))||2null(A)
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AAM - Fitting “Inverse Composition”

29

Jic =
∂T (W(z;0)
∂W(z;0)

T ∂W(z;0)
∂p

T∂W(z;0)
∂p

T

= [s1, . . . , sK ]
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IC AAM Fitting

• Runs at 230 Hz on a 3.2GHz PC

Input Shape
Overlaid

Rendered
Model
Instance

Overlaid
Model
Instance

30

(Matthews and Gross)



March, 2008 “Registration and Tracking, a Learning Perspective”

Why We Need High Speed?

Re-initialize model multiple times if tracking fails and still
track in real time

31

(Matthews and Gross)
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Not All Is Peachy

Original model does not handle occlusion well

32

(Matthews and Gross)



• To handle occlusions we can employ the robust error function, 

• where,

∂W(z;p)
∂p

T

= [s1, . . . , sK ]
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AAM - Fitting “Robust Error Function”

33

J =
∂I(W(z;p)
∂W(z;p)

T ∂W(z;p)
∂p

T

arg min
∆λ,∆p

η(T (z) + A∆λ− I(W(z;p))− J∆p)



March, 2008 “Registration and Tracking, a Learning Perspective”

Robust Error Functions

34
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AAMs with Occlusion Modeling

35

(Matthews and Gross)
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Applications
• User Interfaces:

• Mouse replacement
• Automotive: Windshield Displays, Smart Airbags

• Face Recognition:
• Pose Normalization

• Lipreading/Audio-Visual Speech Recognition
• Rendering and Animation:

• Low-Bandwidth Video Conferencing
• Audio-Visual Speech Synthesis

36

(Matthews and Gross)



March, 2008 “Registration and Tracking, a Learning Perspective”

User Interfaces: Head Pose

• Mouse replacement

37

(Matthews and Gross)
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User Interfaces: Gaze Tracking

Driver Camera Exterior View Camera

38

(Matthews and Gross)



March, 2008 “Registration and Tracking, a Learning Perspective”

Face Recognition: Pose Normalization

39

(Matthews and Gross)
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Animation Generation

40

(Matthews and Gross)
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Audio-Visual Speech Synthesis

Jingle Bells, Jingle Bells,
Jingle All the Way, ...

41

(Matthews and Gross)
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Still Open Questions

• Automatic model building without weeks of manual labeling

• Optimal model structure

• Fitting models to unseen faces

• Increase fitting robustness

42

(Matthews and Gross)




