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Outline
O

B Motivation: Failure to take into account the sequential nature of
frames in a sequence in common groupwise methods for automatic
model building.

B Outcome: A demonstration that utilising a tracking paradigm in
automatic model building is feasible.
m Outline:
¢ Active Appearance Models (AAM).
¢ Measure of model quality.
¢ Incremental model building.
¢ Alignment process.

¢ Experiments and Results
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Active Appearance Models

m A parametric model of non-rigid visual object:
with variations in shape and appearance.

m Variations are compactly modelled using a
linear combination of bases.

€ %
a+ T(x;pt)—~ s» W (T ps) - Q’

Learnina Active Appearance Models from Imaae Seauences — pD. 3/-



Active Appearance Models
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Active Appearance Models
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Active Appearance Models

Combined Appearance Variation: a = ) ", crax
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Active Appearance Models

Problem : requires pseudo dense set of
correspondences across training set!

Learnina Active Appearance Models from Imaae Seauences — p. 7/-



Model Quality Measure
——

Model quality = Compactness of the assumed underlying data
distribution.

Linear models assume a Gaussian distribution of data.

Compactness of a Gaussian = volume of variation ~ determinant ¢
covariance matrix.

Determinant = sum of eigenvalues: Q = }_/" A;

Caveat: Must take into account compactness of shape and texture
simultaneously. But weighting between them is unknown.

Method: Analyse trends rather than values.
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Automatic Landmark Selection
O

m Locations with high texture contribute more tc
model texture variation due to unaccounted
shape variations than do flat regions.

s Method:
1. Create saliency image (cornerness).

2. FInd most salient point.

3. If saliency Is adequate:

¢+ Store landmark
¢ Zero out region around chosen landmark.

¢ Go to Step 2.
4. Add border points.
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Automatic Landmark Selection
O
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Incremental Model Building
]

B |nitial model estimate in groupwise methods may be far fron
the optimum which may cause slow convergence or getting
stuck in local minima.

B Method: Utilise sequential nature of image in video where
changes in shape and texture between frames is small.

B Model building is posed as an adaptive tracking process.

B \\e investigate two adaptation methods:
1. Grounded templates.

2. Incremental texture model learning.
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Incremental Model Building:
Grounded Templates

m Template Is adapted to current frame in
seguence, but grounded to avoid drifting:

Ti(x) = aTo(x) + (1 — &) Ts_1(x),

wherea € (0...1)

m Alignment optimisation is performed only ove
shape parameters.

m Template only accounts for the first and
previous frame In sequence.
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Incremental™™ Model Building:
Incremental Texture Learning

m Incrementally build linear texture model
throughout the tracking process.

m Accounts for texture variations in directions
previously encountered in the sequence.

m Incorporate new texture instance into linear
texture model using incremental PCA.

m Set amnesic factor to —~ so that every sample
has equal contrlbutlon to the model.

m Alignment is performed over both the shape
and texture parameters.
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Alignment

s Model building usually involves an iterative
model refinement process:

1. Fit model to data (alignment).
2. Rebuild new model from fitted data.

m The fitting process is a non-linear minimisatio
of a function of the form:

C = Cy+ 1Cs

m 1. Trade off between image matching and
deformation complexity.
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Alignment - Data Term
]

B Minimise a distance measure between the model’s texture ar
Image texture warped onto the reference frame:

Cy; = Z o0 (E(x);0) ,where E(x) = t(x;q) — [(W(x;p))

B Use the robust Geman-McClure distance measure:

7,2

02 4 12

o(rio) =
B Assume a contaminated Gaussian distribution for residuals:

o = 1.4826 med (E(x))
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Alignment - Smoothness Term
]

B Penalise differences between deformation of landmarks:
n
Cs = Zkind(i,]')HZ
1]
where
d(i,j) = W(xi;p) — &] — [W(xj;p) — %]

B \Weight pair differences by their distance in the reference fran

exp (— 1441
ko — 2072
i %512
n 1
Z“] €Xp (_ 2(73] )
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Alignment - Optimisation
—

m To use Gauss-Newton optimisation the data
term of the cost function must be reformulatec

- 2. N T
C; = x;)Q (E(x)%0) ,where o(r;0) = e

m The Gauss-Newton shape and texture
parameters updates take the form:

] =[5 3] e 8]
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Alignment - Optimisation
—

IW(x;p) ot(x; q)]
op "~ 9dq

1 ifk=1

V(i )2 =Ty (L) =S —1 itk =

0 otherwise
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Alignment - Gaussian Pyramid
]

B Use different landmark set at each pyramid level and initialise
landmarks in other images at current level by warping at higher le
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Experiments

s AVOZES: Audio-Video Australian English
Speech data corpus.

m 20 speakers, 3 phrases each.
m Each sequence 1s 90 to 150 frames In length.
m Use left image of stereo pair only.
m ¢y ={1,10,100}
¢ 0 = 0.3
¢ 0 =10
¢+ Minimum distance between points: 7 pixels
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Results - Qualitative
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Results - Shape Compactness

Compactness
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Results - Texture Compactness
]

Compactness
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Results

Different shape, similar warped texture!
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Results
O

Different shape, similar warped texture!
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Results - Fallure Cases
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Results - Fallure Cases
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Conclusion
I

m Investigated the utility of adaptive tracking
methods for automatic model building from
Image sequences, comparing two methods.

m Found that the methods generally perform we
when no significant visual artefacts dissapear

emerge throughout the sequence.

m The method can be used as a good initialisatol
for groupwise approaches.
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Questions?
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