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Abstract. Robust face alignment is crucial for many face processing ap-
plications. As face detection only gives a rough estimation of face region,
one important problem is how to align facial shapes starting from this
rough estimation, especially on face images with expression and pose
changes. We propose a novel method of face alignment by building a
hierarchical classifier network, connecting face detection and face align-
ment into a smooth coarse-to-fine procedure. Classifiers are trained to
recognize feature textures in different scales from entire face to local
patterns. A multi-layer structure is employed to organize the classifiers,
which begins with one classifier at the first layer and gradually refines
the localization of feature points by more classifiers in the following lay-
ers. A Bayesian framework is configured for the inference of the feature
points between the layers. The boosted classifiers detects facial features
discriminately from its local neighborhood, while the inference between
the layers constrains the searching space. Extensive experiments are re-
ported to show its accuracy and robustness.

1 Introduction

Face alignment, whose objective is to localize the feature points on face im-
ages such as the contour points of eyes, noses, mouths and outlines, plays a
fundamental role in many face processing tasks. The shape and texture of the
feature points acquired by the alignment provide very helpful information for
applications such as face recognition, modeling and synthesis. However, since
the shape of the face may vary largely in practical images due to differences in
age, expression and etc, a robust alignment algorithm, especially against errant
initialization and face shape variation, is still a goal to achieve.

There have been many studies on face alignment in the recent decade, most
of which were based on Active Shape Model (ASM) and Active Appearance
Model (AAM), proposed by Cootes et al [1]. In all these improvements, local or
global texture features are employed to guide an iterative optimization of label
points under the constraint of a statistical shape model. Many different types
of features such as Gabor[2], Haar wavelet[3], and machine learning methods
such as Ada-Boosting[4, 5], k-NN[6] have been employed to replace the gradient
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feature and simple gaussian model in the classical ASM methods, improving
the robustness of the texture feature. Besides, different methods of optimization
such as weighted least-square[7, 8], statistical inference[9, 10] and optical flows[11]
have been carried out to improve the efficiency of convergence.

However, most of these methods do not pay much attention to the initializa-
tion of the alignment, which strongly affects the performance of the alignment.
As face detection algorithms only give a rough position of the face, it is often
difficult to estimate all the feature points properly in initialization, especially
for face images with expression and pose changes. With a bad initialization, the
iterative optimization of both ASM and AAM will be stuck in local minima, and
the alignment will fail.

To overcome this deficiency, we propose a novel method by building a hi-
erarchical local texture classifier network, connecting face detection and face
alignment into a smooth coarse-to-fine procedure. The algorithm is motivated
by the following idea: since the texture patterns of feature points are often dis-
tinctive from their neighboring non-feature texture, localization of these feature
textures can be considered as a pattern recognition task, like face detection task.
Considering the face detection as the coarsest texture classifier at the first layer,
a hierarchical structure can be settled to gradually refines the localization of
feature points by more classifiers in the following layers. A Bayesian framework
is configured for the inference of the feature points between the layers. Both the
classifiers in different scales and the inter-layer inference are helpful for avoiding
the local-minima problems.

There have been a previous work [5] trying to solve face alignment using
face detection technique. Boosted classifiers, which have been widely used to
recognize the face pattern, were introduced to recognize smaller texture patterns
for every facial feature point. Compared with this work, our method not only
employed boosted classifiers but also connect the face detection and alignment
organically, further clarifying the coarse-to-fine relation between the two tasks.

There are also some other previous works employing hierarchical approaches.
C.Liu et al.[10] introduced a hierarchical data driven Markov chain Monte Carlo
(HDDMCMC) method to deduce the inter-layer correlation, while F. Jiao et al.
[2] used Gabor wavelet in multi-frequency to characterize the texture feature.
Many other methods used a multi-resolution strategy in their implementations,
most of which simply take the alignment result in the low-resolution images as
the initialization for high-resolution images. Compared with these methods, our
method emphasizes both the inference of the inter-layer correlation and the local
texture model, so as to achieve both robustness and efficiency.

The rest of the paper is organized as follows: In Section 2, classifiers based on
boosted Haar-like feature are introduced to model the likelihood of feature tex-
ture patterns. In Section 3, hierarchical structure and algorithm of feature point
selection are presented to organize these classifiers, and a Bayesian framework is
configured for shape parameter inference between the layers. Extensive experi-
ments are reported in Section 4. Finally, conclusions are drawn in Section 5.
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2 Feature Texture Classifier

In order to localize the exact position of a feature point, its texture pattern
should be modeled. Classical ASM method only uses a vector of gradient per-
pendicular to the contour to represent the feature, and characterizes it with
Principle Component Analysis (PCA)[1]. Since this 1D profile feature and PCA
are too simple, the localization can fall into local minima.

In our work, to make the local texture model more discriminative against
non-feature texture patterns, we propose to learn the local texture classifiers
by boosting weak classifiers based on Haar-like rectangle features. The boosted
classifier is capable of capturing complicated texture pattern, such as human
faces [12] and facial features[5]. Through Real AdaBoost learning [13], sample
weights are adapted to select and combine weak classifiers into a strong one as,

conf(x) =
T∑

t=1

ht(x) − b (1)

Thus, for each feature point i we will have a strong classifier Confi(x). Given a
feature pattern x, the strong classifier gives highly discriminative output values
which can detect the corresponding feature point.

The classifiers can be trained to recognize facial feature texture in different
scales from entire face to local patterns. And each classifier can be reinforced
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Fig. 1. (a),(b),(c) shows the confidence output of different methods around the feature
point of lower-lip (crosspoint in (d)). the outputs in (c) are very discriminative between
the ground truth position(center) and its neighborhood, while in (a) and (b) they are
ambiguous.
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by using a cascade of several classifiers [12]. For large pattern like entire face,
an exhaustive searching on the image can find any possible candidate of the
feature pattern by maximizing the likelihood output of the classifier. However,
for localization of small patterns like facial feature, the large image space will
make exhaustive searching time-consuming, and the output of classifiers would
not be reliable in such large space. Hence, it is also important to constrain the
searching space and maintain the geometry shape formed by the feature points,
which we will discuss in Section 3.

3 Hierarchical Classifier Network

To connect the task of face detection and face alignment,let us consider them as
two opposite bounds of a continuum (Fig.2). Shown on the left, the face detection
task can explore large image space to find face regions. Its advantage is the
high robustness against the complexity of background and the variation of face
texture, while the detailed facial feature points are not aligned accurately. On the
right, the face alignment task can localize each facial feature point accurately,
given a good initialization. Inspired by the observation, we propose a coarse-
to-fine structure combining the two tasks together to localize the facial shape
starting from simple face detection rectangle.

Fig. 2. Continuum of Face Detection and Face Alignment

3.1 Hierarchical Structure

The facial shape denoted by a vector S(K) = [x1, y1, . . . , xN , yN ], can be modeled
by shape pose parameter p, q, as

S(K) = Tq(S + U · p) (2)

where p is the parameter of the point distribution model constructed by PCA
with average shape S and eigenvectors U ; Tq(s) is the geometrical transformation
based on 4 parameters: scale, rotation, and translation [1].
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Given an image I as input, this coarse-to-fine procedure is illustrated in Fig.3:
At the first layer, one single classifier is trained as a face detector to localize the
central point (xc, yc), rotation angle θ and size W of the face. The face size
is then normalized to L pixels in width, and p0, q0 are estimated through a
MAP(max-a-posterior) inference,

argmax
p0,q0

P (xc, yc, θ, W |p, q)P (p0)P (q0) (3)

Then for the following layers, kth layer for example, the further alignment task
is divided into several sub-tasks localizing the feature points defined by point
set S(k) = [x(k)

i , y
(k)
i ], i = 1..nk. And the geometry shape of S(k) is modeled by

the parameters p(k) and q(k), as

S(k) = A(k) · Tq(k)(S + U · p(k)) (4)

which represents the new feature points as a linear combination of original feature
points using A(k).

0thlayer p(0), q(0) are estimated from one classifier as a face detector;
kthlayer p(k),q(k) are estimated from both the local search and p(k−1),q(k−1);
Kthlayer p(K),q(K) are estimated, localizing all the feature points in S(K).

Fig. 3. The hierarchical structure and coarse-to-fine procedure of face alignment

For each feature point in S(k) a classifier is trained with L
2k × L

2k sized rectangle
features to distinguish the feature from non-feature. We can find each feature
point independently by maximizing the corresponding likelihood output of the
classifier. However, not only the likelihood of the texture but also the geometry
shape of the feature points should be considered, and the feature point set should
be constrained by the parameter of the shape model. Therefore, to align the
face, the localization of the feature point set S(k) can be formulated by Bayesian
inference given both the texture in this layer and the parameters estimated in
the previous layer, which is
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p(k), q(k) = argmaxP (S(k)|p(k−1), q(k−1), I(k))
= argmaxP (I(k)|S(k), p(k−1), q(k−1))P (S(k)|p(k−1), q(k−1))
= argmaxP (I(k)|S(k))P (S(k)|p(k−1), q(k−1))
= argmaxP (I(k)|S(k))P (p(k−1), q(k−1)|S(k))P (S(k)) (5)

P (I(k)|S(k)) is the posterior probability of the feature texture, which can be
acquired from the output of the classifiers; P (p(k−1), q(k−1)|S(k)) is the posterior
probability of the parameters of previous layer.

Thus, the feature point set S(k) at kth layer can be aligned by solving opti-
mization (5). And the solution gives a prior distribution P (S(k+1)|p(k), q(k)) for
the next layer, which will constrain its searching space of the feature points.

The localization and the inference repeat layer by layer, while the alignment
result is refined gradually, until S(K) is localized in the last layer, which give
the complete result of the alignment. There are two more factors to be further
explained: 1) the selection of feature point sets and their geometry, which is how
to get S(1), S(2), . . . S(K) and A(1), A(2), . . . A(K); 2) how to infer the shape and
pose parameters using Eq.(5). We will introduce the two factors in Section 3.2,
3.3, respectively.

3.2 Feature Selection

Given the required feature point set S(K) for the final result of alignment, the
feature point sets in other layers of the hierarchical structure are built from
down to top. The selected feature points should minimize both the training er-
ror of the classifiers and the expectational error during the inference between
the layers. Feature selection is a difficult problem, which could be done by ex-
haustive searching or other approximate algorithms such as Forward/Backward
algorithms. To simplify the problem, in this paper, we use a heuristic algorithm
based on prior-knowledge to give an approximate solution.

Instead of searching all possible feature point sets in the face region, we con-
struct the feature point set of kth layer by merging the feature points in the
k+1th layer. The feature points from lower layer are merged only if they’re close
enough, in order that the texture patch of merged feature covers most of the
patches before mergence. Denoting the feature point in the last layer as

S(K) = {x
(K)
i , y

(K)
i |i = 1..nK}, A

(K)
i,j =

{
0 : i �= j
1 : i = j

(6)

And the width of the face shape is L. The algorithm for calculating feature point
set S(k) and its geometry parameter A(k) is as follow:

Step 1. Fi = {(xk+1
i , yk+1

i )}, i = 1 . . . nk+1;
Step 2. let d(Fi, Fj) = max {‖(x, y) − (u, v)‖ |(x, y) ∈ Fi, (u, v) ∈ Fj},

find i∗, j∗ = argmin
Fi,Fj �=∅,i�=j

{d(Fi, Fj)};
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Step 3. If i∗, j∗ exists, and Dmin < L/2k

2 ,
let Fi∗ ← Fi∗ ∪ Fj∗ , Fj∗ ← ∅, and goto Step.2

Step 4. Create one feature point for each nonempty Fi:

(xk
i , yk

i ) ← 1
|Fi|

∑
(xj,yj)∈Fi

(xj , yj), A(k) ← 1
|Fi|

∑
(xj ,yj)∈Fi

A
(k+1)
j

The hierarchical structure is constructed by applying the algorithm above
from the K − 1th layer back to 0th layer. Fig.4 shows an example of 5 lay-
ers of a facial feature network. The feature patterns in different layers are
from large to small representing more and more details of the facial features.
The localization of features in lower layers can benefit from the estimation of
facial shape in the upper layers through the Bayesian framework introduced
in Section 3.1. The detail about the parameter inference will be presented in
Section 3.3.

Layer 0 Layer 1 Layer 2 Layer 3 Layer 4 

 Feature point of previous layer + Feature point of this layer  Rectangle of feature patch

Fig. 4. An example of 5-layer structure

3.3 Parameter Inference

In Section 3.1, the alignment at one specific layer is stated as a posterior estima-
tion (MAP) given both the texture in this layer and the shape/pose parameters
estimated in the previous layer, whose objective function is

argmax
p(k),q(k)

P (I(k)|S(k))P (p(k−1), q(k−1)|S(k))P (S(k)) (7)

The first two terms, which are respectively the likelihood of the patches I(k)

and the likelihood of parameters p(k−1), q(k−1) given the feature points S(k),
can be further decomposed into independent local likelihood functions of every
feature point as P (I(k)|xk

j , yk
j ) and P (p(k−1), p(k−1)|xk

j , yk
j ). The third term,

P (S(k)), is the prior probabilistic distribution of the geometry shape, which
we can get from the PCA analysis of out shape model[7].



8 L. Zhang, H. Ai, and S. Lao

By approximating these terms by Gaussians, the optimization problem in
Eq.(7) can be restated as

argmin
p(k),q(k)

σ1

∑
j

∥∥∥∥
[

xk
j

yk
j

]
−

[
x′

j

y′
j

]∥∥∥∥
2

+σ2

∑
j

∥∥∥∥
[

xk
j

yk
j

]
−

[
x′′

j

y′′
j

]∥∥∥∥
2

+α
∑

j

(
p
(k)
j

λj

)2

(8)

where (xj , yj) are modeled by parameters p(k), q(k), as

(xj , yj) = A
(k)
j · Tq(k)

([
xj

yj

]
+ Uj · p(k)

)

and (x′
j , y

′
j) is location of the feature point maximizing the output of the jth

feature classifier, as

(x′
j , y

′
j) = argmax

{
Conf

(k)
j (x′

j , y
′
j)

}
and (x′′

j , y′′
j ) is the expectational location derived from the shape model with

p(k−1), q(k−1), as

(x′′
j , y′′

j ) = A
(k)
j · Tq(k−1)

([
xj

yj

]
+ Uj · p(k−1)

)

(8) shows that the error cost of the jth feature point, could be explained as
a weighted combination of the inconsistence in texture and shape respectively.
The first term constrains the solution by the output of the classifier, while the
second limits the searching space by the prior parameters. The weight σ1 and
σ2 can be estimated from the outputs of the facial feature classifier Confi(x, y)
on this layer and previous layer.

(8) can be solved efficiently by a two-step or one-step minimum least square
method, as discussed in [8]. Besides, since (x′

j , y
′
j) will be estimated through a

constrained local search, the optimization should also be calculated iteratively.
In summary, beginning with the location of the entire face texture, by doing

the local search on different feature point sets and the parameter inference from
layer to layer, the shape and pose parameters are optimized iteratively. The
procedure ends at the last layer with the detail of the alignment result discovered.

4 Experiments

Experiments have been conducted on a very large data set consisting of 2,000
front face images including male and female aging from child to old people,
many of which are with exaggerated expressions such as open mouths, closed
eyes, or have ambiguous contours especially for old people. The average face size
is about 180x180 pixels. We randomly chose 1,600 images for training, and the
rest 400 images for testing. A 5-layer structure is implemented with normalized
face rectangle at the first layer and 87 feature points at the last layer. Each of the
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facial feature classifiers is learned by AdaBoost combining 50 weak classifiers,
except the one at the first layer for face detection. At the first layer, in order to
achieve a high face detection rate, the face texture classifier is implemented in a
nested cascade structure [14]. For comparison, classical ASM[1] and ASM with
Gabor wavelet feature method [2], both with 3-layer pyramids, were implemented
and trained on the same training set.

(a) Distribution of relative 
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Fig. 5. Comparison of classical ASM, Gabor ASM and Our method

4.1 Accuracy

The accuracy is measured with relative pt-pt error, which is the point-to-point
distance between the alignment result and the ground truth divided by the
distance between two eyes. The distributions of the overall average error are
compared in Fig.(5)(a). It shows that our method outperforms the other two.
The average errors of the 87 feature points are compared separately in Fig.(5)(b).
The x-coordinates, which represent the index of feature points, are grouped by
organ. It also shows that the improvement of our methods is mainly on feature
points of mouth and contour.

4.2 Robustness

To measure the robustness of our method, we initialized the face detection rec-
tangle with a -40 to 40 displacements in x-coordinate. The variation of overall
average error was calculated and shown in Fig.(5)(c). From the figure, we can
see that our approach is more robust against bad initialization than the other
two approaches.

Additional experiments on the subsets of the Purdue AR [15] and FERET
[16] database are also carried out, of which the images bear large expression
(closed eyes, big smiles, etc) and pose (about +/-30 rotation off-image-plane)
variation. Those images are independent of the data set for training and testing.
The experiment results show that our method is robust against the variations.
And it should be mentioned that though the training set mainly focuses on
frontal faces, our method can still deal with pose changes up to a domain so
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Initialization Classical ASM Gabor Our method 
(a) Comparison on AF face database 

(b). Some results on face database of FERET (6 imgs on the left) and AR (4 imgs on the right) 

Fig. 6. Additional experiment results

far as both eyes are visible, which is approximately +/-30 degrees. Some of the
alignment results are shown in Fig.(6)(a)(b)(in which points are connected by
line for clarity).

5 Conclusion

In this paper, We propose an automatic facial feature localization framework
combining face detection and face alignment into a uniform coarse-to-fine pro-
cedure based on boosted classifier network. The boosted classifiers guarantee
the facial features can be discriminated from its neighborhood even on faces
with large expression variation and ambiguous contours, while the inter-layer
inference efficiently constrains the searching space. Experiments show that our
method is robust against changes in expression and pose.

Although our method is developed for the face alignment problem, it can
also be applied to the localization of other deformable objects, especially ones
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with rich texture information. Further extension of our work will focus on the
algorithm for the automatic feature selection, which should not be heuristic but
learned from training data.
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