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Problem: Detect and localize facial feature points at any
pose, efficiently and robust to occlusion.
Motivation: To provide an accurate and robust initialization method for the 3D Morphable Model face analysis algorithm.
Hypothesis: The 3D Morphable Model is the state of
the art face image analysis technique. The new landmark
finder must have the same accuracy.
Novelty: Given the position of a few landmark points
(and their localization noise), where are the other feature
points (and the image region where they are with 99%
probability) independently of the viewpoint?

The mean and the covariance matrix of the projection
parameters and of the shape parameters is obtained by
solving the following problem.

Goal: Estimate the probability of the position of a set of
feature points for a class of object independently of the
viewpoint.
p(X|Object) ≈ p(Xr |θ̂)p(Xr̄ |θ̂) = p(X|θ̂)
X
Xr
Xr̄
θ̂

2D location in the image of the feature points.
Reference feature points (a 2 × Nr matrix).
Non-reference feature points (a 2 × Np − Nr matrix).
Maximum likelihood shape model parameters estimated from the
reference feature points.

Method:
1. Make a 3D model for the class of object.
2. Estimate the model parameters from a small set of
Nr reference points:
θ̂ = arg max p(Xr |θ)
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P
2 × 4 scaled orthographic projection matrix.
S 0 , S j Mean and Principal Components, arranged as 4 × Np matrices (the 4th row of S 0 is 1 and the ones of S j are 0).
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1. SIFT point detection: |Hr | = NkNr
Nr
2. Appearance model based rejection: |Hr | = Na
Each SIFT keypoint is rated against the appearance model of each feature point. For each feature
point, the set of candidate position is given by the
Na = 10 keypoints that achieve the maximum appearance log likelihood ratio.
3. Projection constraints rejection: E(|Hr |) = 15
4. Maximum Likelihood estimate: The ML is computed for all remaining configurations: E(|Hr |) ·
Na = 150. The configurations higher than a
threshold are deemed detected instances of the class
of object.
5. Parameters refinement using all visible points: For
these, a nonlinear parameter optimization is performed using all detected feature points.
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M
Number of shape parameters that are estimated (is ≤ 2Nr ).
2
σX
d Variance of the detection noise of the reference points.
r

⇒µP̂ = f (Xr ),

ΣP̂ =

2
f (σXrd ),

Σα̂ =

2
f (σXrd )

(see paper)

Projection Constraints: The projection matrix must
agree to the following constraints. This leads to an early
rejection rule and makes the algorithm efficient.
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h
Nk

Configuration space, i.e. set
of all correspondences
Np correspondence vector
Number of SIFT keypoints
(Nk ≈ 1000)

a
s
o
x
pb

Appearance of the keypoints
Scale of the keypoints
Orientation of the keypoints
2D position of the keypoints.
Background likelihood
Np
Nk .

Brute force approach is very slow: |H| =
For efficiency, the Bellman principle is used:


X
max log R1 (hr ) +
max log R2 (hp , hr )
hr ∈Hr

p∈r
/

hp

where |Hr | = NkNr ⇒ complexity is now NkNr +1 .

P ROBABILITY OF A F EATURE P OINT GIVEN M ODEL PARAMETERS
(
p(xi |α̂, P̂ ) =?
Examples:
p(x5 |x1 , x2 , x3 , x4 ),

⇒

µxi = f (µP̂ , µα̂ ),
Σxi = f (ΣP̂ , Σα̂ , non-estimated shape PC)

E XPERIMENTS
Negative set: more than 1000 images, totalizing 8 · 108 pixels.
Positive set: CMU-PIE face database [20].
Histograms of the negative likelihood ratio:
0.06

with σXrd = 3,

Nr = 4

σXrd = 10, Nr = 4 σXrd = 3, Nr = 12

θ

3. Derive the probability of the ML parameters using
the full set of reference and non-reference points:
Np
Y
p(X|θ̂) =
p(xi |θ̂)

Algorithm:

Finding the objects amounts to (Fergus et al. [9]):

{P̂ , α̂} = arg max p(Xr |P , α)

µα̂ = f (Xr ),

P ROBABILISTIC S HAPE M ODEL

P ROBABILISTIC F EATURE P OINT D ETECTION A LGORITHM
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The black ellipse is the 1% iso-probability contour of the position of the corner of the mouth.

Image
likelihood
onlyhistogram
Local
image patch
classifier output

0
−400

classifier output

Face with loc. err. < 6% ied
Face with loc. err. >= 6% ied
Negative examples

91.8%

−300

−200

−100

0

100

classifier output

The uncertainty area (shown by the ellipse) is caused by the following:
1. Four points are not enough to constraint the full 3D shape of the face of an individual.
2. There is detection noise on these four reference points.
3. The pose is unknown.
Benefits of this shape model:
• Viewpoint invariant: The shape of the uncertainty area (ellipse) depends on the (unknown) pose.
• Efficiency: The ellipse is small ⇒ Efficient hierarchical detection. (When 4 points have been found,
the next points can be searched in a small area of the image).

• Generic: Can be used in several algorithms, e.g. as a viewpoint invariant Active shape Model.

Identification: This is used to initialize the 3DMM Multiple Features
Fitting algorithm [18].
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