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Automatic facial landmarking is a crucial prerequisite of many applications dedicated to face analysis. In this
paper we describe a two-step method. In a first step, each landmark position in the image is predicted inde-
pendently. To achieve fast and accurate localizations, we implement detectors based on a two-stage classifier
and we use multiple kernel learning algorithms to combine multi-scale features. In a second step, to increase
the robustness of the system, we introduce spatial constraints between landmarks. To this end, parameters of
a deformable shape model are optimized using the first step outputs through a Gauss–Newton algorithm.
Extensive experiments have been carried out on different databases (PIE, LFPW, Cohn-Kanade, Face Pix and
BioID), assessing the accuracy and the robustness of the proposed approach. They show that the proposed
algorithm is not significantly affected by small rotations, facial expressions or natural occlusions and can
be favorably compared with the current state of the art landmarking systems.

© 2013 Elsevier B.V. All rights reserved.

1. Introduction

Automatic salient point localization is a fundamental building block in
many computer vision-based applications. In facial analysis, these salient
points (e.g., eye andmouth corners, nose and chin tips) are calledfiducial
points or landmarks. Their appearance and spatial arrangement are
important for most facial analysis tasks, including face recognition, ex-
pression recognition or face animation. In human spontaneous behavior
analysis, facial landmark configurations are indicative of deformations
caused by expressions. Whatever the application, automatic facial land-
marking is the second step (after face detection) of a larger face process-
ing task.

Many methods have been introduced over the last decade to solve
this problem. Locating facial landmarks remains challenging for applica-
tions that must operate under a wide range of conditions, including illu-
mination variations, occlusions, poses or expressions. In general, related
methods use two types of information, both essential. One is facial land-
mark appearance, also called texture information. The other is the spatial
relationship among different facial landmarks, also called shape informa-
tion. By looking at the latter and the degree of spatial constraint it intro-
duces during the search, we can consider three main streams.

First, we consider methods that independently detect each facial
feature point using any shape information. [50] detects 20 facial points
using the GentleBoost classifier trained on Gabor magnitude images.
The lack of constraint in such frameworks may often lead to senseless
localizations and badly damage the system robustness.

The second category proceeds to a joint detection of all points. Here,
the spatial relation between points is not directly formulated: the classi-
fier implicitly learns the constraints [12,20,40]. These methods suffer
from overly strong relations between points and are limited to some
commonassumptions, e.g., a nearly frontal view face andmoderate facial
expression changes, and tend to fail under large pose variations or facial
deformations in real-world applications.

Finally, we consider methods that explicitly formulate constraints
between points using different processes. Somemethods independently
detect each point and apply spatial restrictions on their locations using
graph-based methods [15,46,27,54]. In a recent work, [37] first detects
each landmark using multi-scale gray-level features and multi-kernel
Support Vector Machines. A time-consuming combinatory process is
tasked with finding the optimal point constellation according to its like-
lihood. This category also includes fitting-based methods, usually called
Parameterized AppearanceModels (PAMs), widely used in face analysis.
They align a previously learned model within a new face image. The
main component of these approaches is the statistical model. It is char-
acterized by parameters that describe the possiblemodel configurations
in position, pose, shape and texture. During the fitting process, PAMs try
to find correspondences between the model and an image containing
the face by minimizing a cost function w.r.t these parameters. Among
these approaches, we find Active AppearanceModels (AAM) and Active
Shape Models (ASM), introduced by [4,7] and more recently the
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Constrained Local Models (CLM) introduced by [9]. For computational
time issues, these methods are generally based on simple features, de-
rived from gray levels, and use some simple similarity measures during
the fitting process. This strategy can lead to ambiguities: several image
areasmaybe similar to the searched point,making the optimization func-
tion non-convex. In consequence, these systems may be prone to local
minima and strongly dependent on the initialization step.

In this paper, we propose the Multi-Kernel Appearance Model
(MuKAM), a novel and efficient approach that tries to overcome PAM
weaknesseswithout damaging the computational time.MuKAMemploys
a two-stage classifier designed to achieve fast and efficient detections.
The first stage is based on low-level features and a fast linear kernel. It
aims to select a subset of candidates without excluding the right location.
The second stage employs higher level features and a non-linear kernel to
estimate the candidate likelihoods. These two-stage present two main
advantages: during the training step, the bootstrap process provides
relevant samples to train the second stage, and the detector can quickly
estimate the likelihood of each candidate pixel during the evaluation
step. Moreover, we improve system robustness by introducing con-
straints between points. To introduce these constraints, we propose an
alignment process step relying on a deformable model fitting: according
to the sparse response maps obtained at the end of the second stage,
we want to find the set of parameters that best fit the model on the
face. This parameter optimization is performed using an iterative Gauss
Newton process applied to a cost function especially designed for our
problem. As the optimization employs sparse responsemaps, the optimal
solution is found after a few iterations.

The proposed approach is based on three main contributions: (i) an
accurate point detector based on multiple scale features and multiple
kernel learning algorithms, (ii) a fast andwell suited two-stage classifier
involving increasingly complex kernels and (iii) a robust system relying
on a deformable model fitting strategy.

The remainder of this paper is organized as follows. In Section 2,
we briefly review the literature. In Section 3, we provide an overview
of the proposed method. In Section 4, we describe the detector and
detail the two-stage training process. In Section 5, we present the objec-
tive function and optimization process. In Section 6,we present an exten-
sive evaluation of different key aspects of our method. Finally, Section 7
presents our closing remarks.

2. Related work

Our approach relies on two main aspects: detecting each facial
landmark and the modeling spatial restrictions. Both have resulted
in many systems. In this section, we compare relevant systems to
our own work.

2.1. Landmark detection

Localizing facial features can be addressed following different ap-
proaches. One can state this problem as a regression or classification
task. The first category of approaches seeks to answer the question:
“Where is the searched point?” The problem is established as a re-
gression task and can be treated in different ways. One can try to
measure the resemblance between each pixel in the region of interest
and the point we are seeking. [52] proposes a tree-based regression
algorithm over patches characterized by haar-like features. Other
methods prefer to estimate the displacement vector v that continu-
ously relates a patch location to the target point. [46] decomposes
this problem into two separate regression problems using Support
Vector Regressors (SVR). One regressor is tasked with finding the
angle of v, and another is to predict the vector length. For [5], the
displacement vector is learned using Random Forest regressor. [10]
proposes using a GentleBoost algorithm to predict the horizontal
and vertical displacement towards the good location. The work
proposed by [14] uses an iterative regression-based approach using

a sequence of regressors entirely defined during a training step.
These approaches are based on the assumption that the desired
point is visible, and they can get stuck if the sought point is missing
or occluded.

Finding facial landmark localization can also be seen as a classification
problem: “Which locations correspond to the searched point?” This pro-
cess is performed by classifying each pixels in a portion of the image as
a target or non-target. At each pixel in this area, features are extracted
and the classifier assigns a label and, potentially, a confidence index asso-
ciated with this label. Several methods use the GentleBoost classifier
[50,25,13] which sequentially chooses weak classifiers and combines
them to minimize an error function. A popular and successful classifier
is the Support Vector Machine (SVM), widely used for facial landmark
detection [32,51,38].

These approaches suffer from the local appearance representation,
and the features are generally based on small local support, resulting
in ambiguous detection. In previous work [37], we propose solving
this problemwithmulti-scale features, encoding information at different
levels. This system uses gray levels as features, but other ways to repre-
sent the appearance are available. Classifiers can take the response of a
filter bank as input, including as Gaussian Derivative filters [17], Gabor
filters [50] or Haar-like features [9,1].

Another issue is the time required to detect the points: more com-
plex classifiers and descriptors make the system more expensive in
terms of time processing. Several approaches try to overcome this prob-
lem using a cascade process, first introduced by [49]. These methods
successively combine increasingly complex classifiers in a cascade
structure to dramatically increase detector speed by focusing on prom-
ising image regions. The bootstrap process gives the system the ability
to classify difficult examples (i.e., those for which the classification
was wrong in the previous stage). These examples are then used to
train the next stage. The system thus only focuses on relevant examples,
adding robustness to the detections. In the Viola–Jones face detector,
the authors apply a cascade of boosted classifiers on image patches to
classify them as face or non-face. [8] proposes using the same cascade
as [49] to detect 4 facial landmarkswith Haarwavelets on local patches.
[47] also successfully applied this architecture in object detection, pro-
posing a three-stage classifier that combines linear and non-linear ker-
nel SVMs. The authors show that increasing kernel non-linearity
increases the discriminative power.

2.2. Spatial restrictions

In face landmarking, most systems generally suffer from the high
incidence of false detections because the appearance may be similar
under some imaging conditions. To better handle these variations,
constraints between points are usually introduced. Some methods
directly model the positions of each facial point based on the others
[43]. Other methods model these relations using graph-based methods
[46,15,27,54]. The spatial restriction can also be included in a transpar-
ent way by always allowing the point configuration to be a linear com-
bination of the learned shape models [3].

In PAM approaches, this consistency is added with a statistical Point
Distribution Model (PDM). These methods rely on a model character-
ized by the parameter vector, which encodes facial shape variations.
This model is typically built from training shape samples first aligned
into a normalized co-ordinate frame using Procrustes Analysis [16].
The remaining variations (with respect to themean shape) aremodeled
as a Gaussian distribution using Principal Component Analysis (PCA). By
retaining only the most significant variation modes (i.e., the largest
eigenvalues of the covariance matrix), the resulting PDM approximates
the initial shape s bys þΦp, wheres is themean shape,Φ is the retained
eigenvector [6] and p is the model parameter. After estimating the var-
iationmodes, wemust determine the best fit of thismodel to a face. This
step requires a cost function that uses a fitting algorithm to estimate
how well the model parametrized with p fits for an image containing a
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face. We want the global minimum of this function to match to the best
model alignment, parametrized by the optimal parameters.

Numerous approaches are based on this non-rigid model. Active
Shape Models (ASMs) [7] build this model from shape variation.
For the fitting step, an ASM iteratively looks along profiles normal
to the model boundary through each model point for its most likely
location. The model parameters are then updated to best match to
these new positions. Active Appearance Models (AAMs), introduced
by [4], model both shape and texture and update the model parame-
ters by minimizing a reconstruction error characterized by the resid-
ual between a model instance and the face image. This minimization
may be performed using different strategies. One can use an analytic
approach by minimizing the objective function [28,45]. Other ap-
proaches solve this problem by learning a regression function direct-
ly from a set of known displacement and their corresponding
residuals [44]. Despite their ability to handle facial deformations,
these approaches are prone to local minima because they can
mismanage illumination or occlusion.

To overcome this problem, [9] has introduced the Constrained
Local Models (CLM), combining the advantages of feature detection
based approaches, the model flexibility of PAM and the consistency
of a full shape model. CLM are relatively close to ASM since they
both employ local searches around each PDM landmark. However,
CLM proceed to a 2D local search around each estimate capturing
more information [30]. In CLM, the fitting step is achieved by ap-
plying an ensemble of patch experts, previously trained and applied on
local region around each point of the model. CLM fitting is then
posed as estimating the PDM parameters p⁎ that jointly minimize
the misalignment error regularized by a term penalizing complex
deformations.

In the original CLM, Cristinacce and Cootes propose an iterative
process during which a PCA models the appearance of each local re-
gion around a landmark. The shape-constrained local model search is
then performed by optimizing a function based on the local re-
sponses of the statistical appearance model. In this method, the
patch experts adaptively change during the fitting process until con-
vergence. Joint optimization relies on the computationally expensive
Nelder–Mead simplex. The convergence of this system may be really
slow, especially for a complex PDM parameters. Rather than using
patch experts that adaptively change during the fitting process,
other CLMs estimate the local responses with static classifiers such
as SVM which assigns a score for each pixel in a region of interest
[38,51]. The fitting process is then performed over these response
maps. Due to their small local support, ambiguities plague these re-
sponses, resulting in several local minima on the global cost function.
Several methods solve this issue by decreasing the impact of these
ambiguities using different techniques. [51] suggests enforcing con-
vexity by fitting a convex quadratic curve to the local responses. [38]
smooths these local responses by applying mean-shift algorithm
over all landmarks simultaneously, while [19] uses a Gaussian Mix-
ture Model (GMM) with an expectation–maximization (EM) algorithm
to find the maximum likelihood solution.

3. MuKAM overview

The approach exploredhere is based on twomain ideas.We introduce
efficient multi-scales landmark detectors, which combine multi-kernel
classifiers into a two-stage framework. To introduce explicit consistency
between points, we then estimate the parameters of a shape model by
optimizing a cost function based on the likelihood of the facial landmark
detectors. This constitutes the two steps of our framework as presented
in Fig. 1: the independent facial feature localization and the model
alignment.

During the first step, it is really difficult to make a firm and final
decision on the position of each landmark because of the possible
occlusion of the point or ambiguous detections. A more flexible

and robust approach is to (i) select a set of likely locations
among all the pixels in a region of interest (ROI) defined in the
face image and (ii) estimate the candidate likelihood. To achieve
robust detections and handle the computational time issues,
we implement a two-stage classifier. The first stage S1 gives a
quick local response for each pixel in a region of interest
(Section 4.3.1). On the dense resulting response maps, we extract
the most promising candidates, which correspond to the local max-
ima of these responses. The second stage S2 uses a more powerful
classifier to estimate the candidate likelihoods. This process is ap-
plied for each landmark, resulting in a set of sparse response maps.

In the second step, we proceed to the deformable model align-
ment using the sparse maps (Section 5). The problem is posed as
searching for the PDM parameters that jointly minimize a cost
function involving two types of information: a data term mea-
suring the misalignment error between the shape and detections
and a regularization term penalizing non-plausible shapes. This cost
function is iteratively minimized during a Gauss–Newton optimization
process.

4. Independent facial feature localization

The following section explains the independent facial feature locali-
zation. First, we investigate different ways to represent the appearance
of each candidate pixel to classify. We then explain the multiple-kernel
classifier used. Finally, the two-stage implementation is presented: for
each stage, the configuration features/kernels and bootstrap process
are detailed.

4.1. Multiple-scale features

For each landmark, our framework is based on classifying pixels in
a region of interest. The pixel appearance can be described using
numerous features, all presenting different pros or cons. Among these
features, we distinguish two groups: spatial- and histogram-based fea-
tures. Regardless of the feature, the appearance is characterized using
different scales (Fig. 2).

4.1.1. Gray level
The simplest and most intuitive way to describe the appearance

of pixels is to only consider the gray level intensities. Our previous
work [37] has shown that despite its simplicity, gray level intensi-
ties used at different scales lead to reliable results. We extract
high-resolution patches, which encode the local texture and high-
light small facial details, including the canthus or pupil location.
Despite their precision, these patches are local and do not carry
the spatial information on their locations in the facial image. To en-
rich this information, we progressively crop larger patches,
encoding global information and giving, in different scales, the spa-
tial information we need. As we require this stage to be as fast as
possible, we resize all patches to a given size. This dimension re-
duction presents the advantage of decreasing the processing time
while smoothing local details.

4.1.2. Scale-invariant Feature Transform descriptor (SIFT)
[26] first introduced SIFT. The SIFT descriptor aims to characterize

the local appearance at a particular location. Given a landmark, this
descriptor computes the gradient vector for each pixel included in a
region around the landmark and builds a normalized histogram of
gradient directions. SIFT descriptors typically use a set of 16 histograms,
aligned in a 4 × 4 grid; each histogram has 8 orientation bins, one for
each of the main compass directions. This results in a feature vector
containing 128 elements. To include the multi-scale information, we
compute the SIFT descriptor on 4 different scales calculated according
to the interocular distance.
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4.1.3. Gabor magnitude features
The Gabor magnitude pictures are obtained by convolving facial

images with Gabor filters:

Gk zð Þ ¼ k2

σ2 e
− k2

2σ2
z2ð Þ eikz−e−

σ2
2

� �
ð1Þ

where k ¼ kve
iϕu is the characteristic wave vector. We use three spa-

tial frequencies kv ¼ π
2 ;

π
4 ;

π
8ð Þ and six orientations ϕu ¼ kπ

6 ; k∈ 0…5f gð Þ
for 18 total Gabor filters. As the phase taken from image point only
a few pixels apart has a very different value [31], only the magnitude
is generally kept, resulting in 18 Gabor magnitude pictures. The
multi-scale information is here carried through the spatial frequencies
used: a low frequency only extracts local information around the
pixel, whereas a high frequency captures more global information.

4.1.4. Local Gabor Binary Pattern (LGBP)
LGBP is obtained by associating the Local Binary Pattern operator

(LBP) and the Gabor magnitude images. [33] first introduced the LBP.
It codes each pixel in an image by thresholding its 3 × 3 neighborhood
according to its value and considering the result as a binary number. The
LBP of a pixel p (value fp) with a neighborhood {fk,k = 0…7} is given
by:

LBP pcð Þ ¼
X7
k¼0

δ f k−f p
� �

2k ð2Þ

where

δ xð Þ ¼ 1 if x≥0
0 if xb0 :

�
ð3Þ

We apply the basic LBP operator on the 18 Gabor magnitude pic-
tures, resulting in 18 LGBP-maps per facial image. Combining the Local
Binary Pattern operator with Gabor wavelets exploits multi-resolution
and multi-orientation links between pixels. This has been proven to be
robust to illumination changes [53]. As for Gabor magnitude features,
the multi-scale information is carried through each frequency.

4.2. Multiple-Kernel classifier

Each stage of our classifier uses Multiple-Kernel Support Vector
Machines (MK-SVM). The SVMclassifier defines a discriminant function
C(xp) to classify candidate pixels p. Here, xp = {xsp}s = 1

S represents the
collection of features associated with a candidate pixel for S scales s.
The discriminant function C(xp) of the SVM is expressed as:

C xp� � ¼XM
i¼1

yiαiK xp
; ;xi

� �
ð4Þ

where xi, for i = 1,…,M, denoting the descriptors ofm training samples
selected as representative by the SVM and associated with labels
yi ∈ {−1,1} (target or non-target). Coefficient αi is the dual representa-
tion of the hyperplane's normal vector [39], and function K is the kernel
function resulting from the dot product in a transformed high-
dimensional feature space.

Several types of kernels can be used, whether designed for
histogram-based features (typically a histogram intersection kernel
or χ2 kernel) or spatial-based features (i.e., RBF kernel).

• Polynomial kernel:

K xp
; ; xi

� �
¼ 1þ xi

; ;xp
D E� �n ð5Þ

• Histogram intersection kernel:

K xp
; ; xi

� �
¼ ∑

j
min xp

j :x
i
j

� �
ð6Þ

• RBF kernel:

K xp
; ; xi

� �
¼ exp

−‖xp
:xi‖

2σ2

 !
: ð7Þ

Model alignment

Fig. 1. System overview. S1 proceeds to the candidate selection by extracting local maxima on the dense response maps (Section 4.3.1). S2 re-classifies these candidates by using a
much more powerful classifier. The radius of these sparse responses depends on the candidate likelihood p(li = 1|C2(xp)) (Section 4.3.2). Finally, the alignment process aligns the
model with the Gauss–Newton algorithm by using these maps and a deformable model (Section 5).
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More complex kernel functions have also been investigated, includ-
ing the generalized radial-basis function kernels (RBF) [48] that extend
RBF kernels to use a not necessarily Euclideanmetric. A typical example
is the exponential-χ2 kernel, which is designed to compare probability
distributions:

K xp
; ;xi

� �
¼ exp

χ2 xp
; ;xi

� �
2σ2

0
@

1
A ð8Þ

with

χ2 xp
; ;xi

� �
¼ 1

2

XM
i¼1

xp−xi
� �2
xp þ xi

e ð9Þ

This expensive kernel combines the benefits of the homogenous
additive kernels (designed to compare histograms-based features)
and the RBF kernels [42].

In multi-kernel learning, kernel K can be any convex combination
of semi-definite functions:

K xp
; ; xi

� �
¼ ∑

s
βsk xps ; x

i
s

� �
withβj ≥ 0;∑

s
βs ¼ 1: ð10Þ

Weights αi and βj are set to have an optimum hyperplane in the
feature space induced by k. This hyperplane separates the two class
samples and maximizes the margin. This optimization problem has
proven jointly-convex in αi and βj [23]. A unique global minimum
can therefore efficiently be found.

βs represents theweights given to each resolution r. Using a training
database, the system can thus find the best linear combination of these
scales.

4.3. Two-stages classifier

In the classification task, there is a permanent trade-off between
computational time and discriminative power. We try here to override
this trade-off using a two-stage classifier. The first stage (S1) quickly
gives a conservative selection of candidates from large number of
pixels: a false negative rate close to zero, and a false positive rate as
low as possible. To this end, S1 uses fast feature extractor (gray level
patches) and a low complexity kernel (linear kernel). We use S1 out-
puts to drastically reduce the number of candidate pixels. The second
stage (S2) can thus be based on more complex features (e.g., Gabor
filters or SIFT descriptors) and more complex kernels (e.g., polynomial
or Gaussian).

4.3.1. First stage classifier (S1)
As explained above, the feature extraction process in this stagemust

be as fast as possible. We thus directly choose to use gray-level intensi-
ties and a classic linear SVM with the classification function C1:

C1 xp� � ¼XM
i¼1

yiαi xi
; ;xp

D E
: ð11Þ

The complexity of this classification problem isO(NMD): applying the
classification function C(xp) to each pixels in a ROI requires a number of
operations proportional to the number N of candidate pixels in the ROI,
M is the number of support vectors chosen during the SVM training
and D is dimension of our descriptors. One objective is to reduce this
complexity using the primal SVM formulation.

This linear kernel allows us to precomputew, the sum over support
vectors and rewrite Eq. (11):

C1 xp� � ¼ w;xp� �
withw ¼

XM
i¼1

yiαix
i
: ð12Þ

The classification function is now independent of M (the number
of support vectors), which gives an evaluation cost inO(ND).Moreover,
an advantage of using the primal formulation is that the response map
can be computed using efficient convolution operations on each pixel p
contained in region R.

At this stage, we have a coarse decision for each pixel we want to
classify. Theoretically, an ideal first stage in this framework should
reject all pixels that absolutely do not correspond to the sought
point, while keeping all pixels likely to be the correct location. We
must therefore find an optimal way to reject as few true detections
as possible (high recall) while rejecting as many false detections as
possible (high precision). Starting from this requirement, we decid-
ed to select as potential positions those detections corresponding to
the local maxima of the dense response maps, directly built using the
score given by the classification function. For each map score, we
take its 3 × 3 neighborhood: if all pixels have a lower value than
the central response, the latter is considered a local maximum. All
local maxima detected then constitute the set of final candidate
pixels.

4.3.2. Second stage classifier (S2)
The previous stage drastically reduces the number of potential loca-

tions for the sought point. Due to its conception, this stage can induce
many false positive locations. The second stage thus aims to refine this
selection. To achieve this, we decided to train a classifier to recognize
the correct landmarks among all candidates. However, this stage is not
designed to make a final decision but instead to estimate the candidate
likelihood. More flexibility is thus provided to the system during align-
ment (Section 5).

As the previous stage has selected an example set, the classification
and representation of each candidate can bemore expensive. Unlike the
first stage, here we can here use different features for a more suitable
representation, whether based on histograms or spatial information.
Section 6.4.1 will discuss the evaluation of each feature and show that
SIFT descriptors lead to the best results.

Because kernel functions can also be more expensive, several types
of kernels can be used, differing in their linearity and computational
cost, as well as their discriminative power. To evaluate the different
kernels, we proceed to a benchmark study presented in Section 6.4.2.
This evaluation shows that the exponential-χ2 kernel leads to the best
results. A major drawback of these kernels is their computational cost,
typically in O(ND2) or O(ND3), which is non-impeding since this kernel
is applied to few candidates.

After applying the second stage classification function C2(xp)
to the candidate pixels, we proceed to a calibration of the SVM out-
puts by fitting a logistic regression function [35] on every candidate
pixel:

pðli ¼ 1 C2 xp� �		 � ¼ 1
1þ exp aC2 xpð Þ þ bf g ð13Þ

where li {not aligned(−1), aligned(+1)} denoting whether the land-
mark is alignedwith its corresponding location in the image. Parameters
a and b are estimated using a cross-validation process.

This calibration gives, for each candidate pixel, an output varying
between 0 and 1. Since after normalization, the sumover the candidates
is 1, this score can be interpreted as a likelihood estimation. This is a
critical step for the following optimization process which is based on
these response maps.
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5. Deformable model alignment

The two-stage detector learns a classifier for each landmark.
Moreover detections are not necessarily perfect, and the correct lo-
cation does not always match with the highest detector score. This
can especially happen when some points are occluded because of
head pose or visual obstruction (i.e., hair or glasses). In this sec-
tion, we describe how we fit a deformable model using detector
outputs to better handle cases where the local detectors are likely
to fail.

5.1. Problem formulation

5.1.1. Deformable model
We parametrize the 2D relative position of the landmarks using a

Point Distribution Model (PDM). The position of the ith landmark si in
this image is given by:

si ¼ sR si þΦiqð Þ þ t ð14Þ

where s i denotes the mean location of the ith landmark andΦi the prin-
cipal subspacematrix computed from training shape samples using PCA.
Here, p = {s,R,t,q} denotes the PDM parameters, which consist of global
scaling s, rotation R and translation t. Vector q represents the deforma-
tion parameters that describe the deformation of si along each principal
direction.

If we assume that q is distributed as a diagonal Gaussian and place a
non-informative prior information with zero mean on the rigid parame-
ters s, R and t to place the model in the image frame, we have:

p pð Þ∝N p;0;Λð Þ with Λ ¼ diag 0;λ1;λ2;…;λm½ � ð15Þ

where λi is the eigenvalue of the ith mode of the non-rigid deformation.
These models have the advantage of being both simple and efficient
while showing a good ability to model face deformation [7].

5.1.2. Fitting
We are here interested in combining this statistical shapemodel and

the independent local detections presented in Section 4. Given a de-
formable face model, we use the second stage sparse response maps

within a joint optimization process to seek the optimal parameters p.
In CLM, finding these parameters is a process involving two different
types of information: a term taking considering the confidence in the
model and penalizing non-relevant deformations (regularization term)
and a term characterizing the observation using classifier measures
(data term). From the work of [38], the probabilistic interpretation of
this fitting can be formulated as finding:

p p li ¼ 1f gni¼1; I
		 �

∝p pð Þ:p li ¼ 1f gni¼1 p; Ij Þ:�� ð16Þ

By assuming conditional independence between landmarkdetections,
we can formulate

pðpj li ¼ 1f gni¼1; IÞ∝p pð Þ∏
n

i¼1
p li ¼ 1 si; Ij Þð ð17Þ

where the regularization term takes the form p(p), andp li ¼ 1 si; Ij Þð , the
observation given by S2 denotes the probability of the point to be well
aligned, given the landmark position si in the image I .

However, classifier outputsp li ¼ 1 si; Ij Þð cannot be directly evaluat-
ed over the entire region of interest as S2 outputs are sparse. By applying
the Bayes theorem over the observation term, we have:

p li ¼ 1 si; Ij Þ∝p si li ¼ 1; Ij Þp li ¼ 1 Ij Þ:ððð ð18Þ

Considering thatp li ¼ 1 Ij Þð is uninformative, because all rigid trans-
formations are equally likely, we have p li ¼ 1 si; Ij Þ∝p si li ¼ 1; Ij Þðð . We
then approximate the detection responses at si with isotropic Gaussian
estimators, using the pixel candidates as the Gaussian centers. Knowing
that S2 gives for each landmark a probability for a set of K candidates,
we can formulate:

pðsi li ¼ 1; Ij Þ≈
XK
k¼1

πikN si; s
�
ik;σ

2
ikI

� �
: ð19Þ

If we assume that no prior information is placed on the landmark
location in the image, we can pose πik ¼ 1

K. Here, sik
∗ is the location of

the kthmaximum for the ith landmark andσik
2 its corresponding variance.

Fig. 2.Multi-scale features for a candidate pixel i (red square) for stagesS1 andS2. Patch sizes increase at each level, emphasizing different levels of information. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)
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We define the variance as inversely proportional to classifier outputs. A
candidate pixel far from a highly likely landmark location is thus strongly
penalized.

Using Eq. (17), taking the negative log of Eq. (15) for the
regularization-term and Eq. (19) for the data-term, and introducing
the likelihood of the kthmaximum for the ith landmark ρ(sik∗ ),we obtain
the optimization function:

F pð Þ ¼ ‖p‖2Λ−1 þ
Xn
i¼1

XK
k¼1

ρ s�ik
� �

‖si pð Þ−s�ik‖
2
: ð20Þ

From the previous assumption on σik
2 , we can easily verify that

ρ s�ik
� � ¼ σ−2

ik
logK.

5.2. Optimization

This optimization aims to minimize the weighted least squares
difference between the PDM and the coordinates of the maxima
detected by the local classifiers. Eq. (20) is iteratively minimized by
using the Gauss–Newton algorithm. To proceed, we must first take
the first-order Taylor expansion of the PDM landmark:

si pþ Δpð Þ≈si pð Þ þ JiΔp: ð21Þ

si is the current shape estimate of the ith landmark and Ji is the Jacobian
matrix calculated using Eq. (14).

Following the optimization function (20), we can formulate the
parameter update:

Δp ¼ −H−1 Λ−1pþ
Xn
i¼1

XK
k¼1

ρ s�ik
� �

Ji
T si pð Þ−s�ik
� � !

ð22Þ

where H is the Gauss–Newton approximation to the Hessian matrix:

H ¼ Λ−1 þ
Xn
i¼1

XK
k¼1

ρ s�ik
� �

Ji
T Ji: ð23Þ

Finally, Eq. (22) is applied additively to the current parameters:
p ← p + Δp.

Fig. 3 presents an overview of our optimization. First, shape parame-
ters q are set to 0 and themodel s(p) is initialized in the image by finding
a first set of rigid parameters using the maxima of each response map.

The optimization function seeks to minimize the weighted least square
difference between the PDM and the coordinates of each candidates,
eachweighted by their confidence given by S2, to find the optimal varia-
tion parameter vector Δp.

Even if the two-stage classifier is robust and accurate, estimating
the response map can present some errors. The response maximum
may not always coincide with the correct landmark localization, and
some detection ambiguities can appear. The optimization function
(20) used is especially designed to handle this type of problem. It
uses all the potential point locations, weighted by the probability
that the point is the desired landmark. By introducing these informa-
tion, this optimization function thus presents two main advantages:
avoiding outliers and removing the ambiguity of certain responses.
Algorithm 23 outlines the complete fitting procedure.

6. Experiments

6.1. Implementation details

As face detector, we apply the [49] OpenCV implementation. Some
post-processing techniques are then applied to the detected face: it is
enlarged by 20% so every chin is included in the face box. Each face is
then resized to 150 × 150 pixels. For S1, facial images are normalized
using the CLAHE algorithm [34], while S2 does not use any gray-level
normalization.

Algorithm 1. Model Alignment using two-stage SVMs

Detector outputs Model initialization Model aligned

si (p)

si(p)

si(p)

Global Gauss-Newton 
optimization

Fig. 3. Optimization overview. Using the sparse maps given byS2, this process tries to fit a deformable by seeking the optimal shape parameter p according to the distance with each
map maxima.

1: for each ROI do
2: Compute dense response maps (Eq. (12)).
3: Select local maxima.
4: Measure local maxima likelihood (Eq. (13)).
5: end for
6: Set q = 0 and initialize p using the global maxima of S2.
7: while p not converged do
8: Evaluate Jacobian at p.
9: Estimate Δp (Eq. (22)).
10: Update PDM (Eq. (21)).
11: end while
12: return the PDM
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For each facial landmark, S1 is trained with positive and negative
examples. For a given landmark, we use 9 multi-resolution patches as
positive examples (target samples): the first centered on the ground
truth and the others on 8 positions surrounding the ground truth. As
negative (non-target samples) set, we use 16 multi-resolution patches
4 to 6 pixels distant from the true facial point. To add relevant examples
during the training, rather than using random samples, we apply the
same bootstrap process as in [37]. Finally, both stages are trained with
the SimpleMKL algorithm [36].

In the evaluation step, S1 evaluates the response of each pixels p
contained in the region of interest (ROI). We use one ROI per land-
mark, and their sizes are calculated by searching a box encompassing
99% of the training sample point locations.

6.2. Experimental setup and data

Ourwork focuses on localizing landmarks in challenging face images
taken under many poses and lighting conditions or in the presence of
facial expressions and occluding objects. Several databases have thus
been used for training and evaluation.

• MUCT [29]: The MUCT database contains 3755 faces with 76 manual
landmarks. The database was created to provide more diversity in
lighting, age, and ethnicity than currently available landmarked 2D
face databases.

• PIE [41]: The CMU Pose Illumination and Expression database con-
tains more than 40,000 facial images of 68 people. Each person was
imaged across 13 different poses, under 43 different illumination
conditions, and with 4 different expressions.

• LFPW [2]: The Label Face Part in The Wild database has 1432 faces
from images downloaded from the web using simple text queries
on sites like google, flickr, and yahoo. Three different annotators labeled
each image. Due to copyright issues, the author must make available a
list of image URLs. As links have disappeared over time, we were able
to only collect 594 images. This database, in contrast to others, is not ac-
quired in a laboratory but with samples extracted from the web. These
“real life” images can thus present difficult lighting, sunglasses, partial
occlusion or arbitrary facial expression.

• Cohn-Kanade [22]: This is a representative, comprehensive and robust
test-bed for comparative facial expression studies. It contains image
sequences with lighting conditions, and the contexts are relatively
uniform. The database contains 486 sequences starting with neutral
expressions and endingwith the expression apex. For our experiments,
weused thefirst (neutral expression) and last frames (expression apex)
of each sequence.

• FacePix [24]: This database has been developed to precisely measure
the robustness of face analysis algorithms using incremental variations
in pose angles. The entire FacePix database contains 16290 images (30
people × 3 sets × 181 images per set). For our experiments, we have
randomly selected 230 images with pose angle variations varying
across a range from −40° to +40°.

• BioID [21]: This contains 1521 frontal face images that vary in illumina-
tion, background, face size and slight head pose variation. Based on re-
sults from the literature [30,11,40,46], this database is considered as
challenging. A test on BioID thus constitutes a benchmark comparison
with the existing state-of-the-art methods.

Table 1 depicts the different sets used for training and evaluation,
and it shows the characteristics of each database. Set 1 is used to train
the first stage of our framework. As this classifier is trained over a
high number of locations, we could not use many images. In contrast,
the second stage is only trained on a selected subset of locations. We
used more images from different databases, adding variability to our
training samples (Set 2). Set 3 is our cross-validation set used to select
the best combination of features and kernels (Section 6.4). Set 4 is
used to evaluate the robustness of our methods w.r.t. facial expressions
(Section 6.6.1). Set 5 is used to analyze the performance of our method
on non-frontal faces (Section 6.6.2). Finally, Set 6 is used to compare the
proposed system with state-of-the-art methods (Section 6.7).

Table 1
Summary of datasets for Training (Tr), Validation (V) and Test (Te). It depicts information
(Info.) about the number of images (Img.) and subjects (Sub.) for each database. Variation
sources (Var.) in each database are also listed: Pose (P), Lighting (L), Real-world condi-
tions (R), Expressions (E), and Complex Background (B).

Set MUCT LFPW PIE CK FP BioID

Info. Img. 200 594 321 962 570 1482
Sub. 199 – 130 100 30 23
Var. P, L R P, L, E E P B, L

Tr. Set1 500 – – – – –

Set2 1500 200 321 – – –

V. Set3 – 394 – – – –

Te. Set4 – – – 962 – –

Set5 – – – – 570 –

Set6 – – – – – 1482
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Fig. 4. Comparison on Set 3 of the cumulative error performance of point-to-point errors
for feature evaluation.

Fig. 5. Comparison on Set 3 of the cumulative error performance of point-to-point errors
for kernel evaluation.
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6.3. Performance measures

As a performance measure, we used the distance from the detected
point to the manually labeled ground truth. This distance is then nor-
malized by the interocular distance, regularly used in state-of-the-art
studies. The detection error of point i is defined as the Euclidian distance
di between the point and itsmanually labeled ground truth. The average
is given thus:

me ¼
1

ndIOD

Xn
i¼1

di ð24Þ

where dIOD is the Interocular Distance, dened as the distance between
the eye centers (computed using eye corners), and n the total number
of images. Typically, a location is accepted if the distance to the ground
truth is lower than 10% of the interocular distance (me b 0.10).

6.4. Two-stage classifier evaluation

The following sections report validation results on the LFPW data-
base, obtained by associating different features/kernels couple. We first
test several descriptors to find the optimal one and evaluate the selected
feature using several kernels. Each following curve depicts the cumula-
tive distribution error obtained by only taking the global maximum of
each response map as final detections. Any constraint between points
is thus applied.

6.4.1. Features
For this evaluation, we have used the features presented in

Section 4.1. Spatial features (gray level and Gabor magnitude images)
are combined with the classical RBF kernel. For the histogram-based
features (SIFT and LGBP), we have used the Histogram intersection
kernel (HIK). Fig. 4 presents the results of this evaluation performed
on Set3.

This study shows that the worst results are obtained using gray
levels as features. SIFT and Gabor features present roughly identical
error measures with small error, and 65% of the images have an
error of less than 7.5%. Beyond this error, the SIFT descriptor gives
better results and shows higher robustness.

6.4.2. Kernels
The second evaluation round now concerns selecting the best

kernel to use with the SIFT descriptor. We decided to compare the re-
sults obtained using the RBF, histogram intersection, polynomial and
exponential-χ2 kernels, introduced in Section 4.2. This evaluation is
again performed on the cross-validation dataset (Set 3). Fig. 5 presents
the results of this study.

This figure shows that the polynomial kernel gives the worst re-
sults among all evaluated kernels, especially for an error of 10%. The
others perform identically up to an error of 10%. Classical radial and
radial-χ2 kernel results are quite similar, with a small advantage for
the radial-χ2 kernel, especially for the precision around 4%. It is also
important to note that, even if the linear kernel is not as precise as
a radial-χ2 kernel, it would be much more suitable for real-time
tracking since the computational cost is clearly reduced. In this case,
the precision issue could be avoided by reducing the size of the ROI.

6.4.3. Multiple-Kernel learning
The following experiment considers the multiple-kernel aspect

and multi-resolution features used. Fig. 6 shows the impact that
multi-resolution patches have on facial point detection. Decision
maps obtained with kernels k1,…,k4 show that each kernel ki empha-
sizes different information level. Kernel k1 handles this problem using
a local perspective, whereas kernel k4 uses global information. The
final decision map, corresponding to the SVM output, uses these dif-
ferent information levels to give a confidence index to each candidate
pixel over the search region.

As we have one SVM per facial landmark, we find one set of
weights β1,β2,β3,β4 for each facial landmark. Table 2 reports the
mean weights learned for the points belonging to the same group of
facial landmarks.

For the eyes, brows and mouth the biggest β corresponds to the
kernel using the most local information (first scale), followed by the
kernel using the most global information (last scale). These points
are defined by a discriminative texture with high contrast, explaining
the high weights on the local kernel. In contrast, the global kernel
helps attenuate the possible ambiguities induced by the local support
of the first scale, which may confuse the brow and eye, as clearly
visible in Fig. 6. For the chin, a higher weight is applied on the global

pixels area 

Likelihood

Fig. 6. Decision map of each kernel for detecting the outer corner of the right eye.
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information. This stems from the aperture effect: for this type of
point, a texture extracted at a low scale is not relevant (applying a
horizontal translation on the patch does not change the local texture).
In contrast, a higher scale captures some clues in the face image i.e., the
location of the mouth or the nose, thus helping the system locating this
landmark.

6.5. Fitting evaluation

In this section, we propose studying the interest of using a de-
formable model to constrain points. For this evaluation, we first com-
pare the point detection accuracy:

• at the output of classifier S2 by taking the global maximum of each
response map (Fig. 5).

• at the model initialization step, corresponding to the mean model
obtained using previous maxima.

• at the end of the alignment process.

For a deeper study, we also approximate the human error using
annotations on LFPW from three different workers. We use the mean
of these annotation sets as ground truth, compute the error for each
worker and take the mean as human error. Fig. 7 presents the evalua-
tion results.

Several conclusions can be drawn from Fig. 7. First, initializing a
model from the response of S2 introduces a bias, resulting in much
less accurate detections between 2% and 10%. However, the robust-
ness of the results obtained at 10% from the initialization model and
S2 is quite similar because the model fixes all the non-plausible detec-
tions. To evaluate the alignment and contribution of our method, we
compare the curve obtained from the S2 maxima and that obtained
after the fitting process. After S2, 89% of the images have an average

point error under 10%. The figure shows that the proposed fitting pro-
cess clearly improves the results with 97% of the images having an
error of less than 10%. We can also see that the human error is very
close to that obtained with our system. Moreover, this human error
curve emphasizes the difficulty that humans face when annotating dif-
ficult images. We can indeed see that almost no images are annotated
with an error of less than 2%, which corresponds to an error of roughly
1 pixel for a mean interocular distance of 50 pixels.

During a second evaluation round,we compute and compare the cu-
mulative error obtained by reducing the number of kept hypotheses
during optimization process (Fig. 8).

The results of this study show that we reduce model flexibility if
we only keep the globalmaximumof eachmap during the optimization
process. This lack directly impacts the cumulative error, which tends to-
ward the one obtained from the output of the second stage. Moreover,
this figure also shows that adding more hypothetical locations gives a
better cumulative error distribution. Indeed, these adequatelyweighted
locations give the system more options and avoid outliers. The system
flexibility is thus clearly improved without any loss in computational
time.

6.6. Robustness evaluation

In the following experiments, we propose evaluating the system
robustness on two current facial deformations: expressions and poses.

6.6.1. Effect of expressions
This study aims to evaluate our system on expressive images. We

apply our detector on Set4, which contains neutral and expressive im-
ages. Considering shape, the effects of expressions on facial images are

Table 2
Mean weights associated with each kernel for different facial areas.

Facial landmarks β1 β2 β3 β4

Brows (6 points) 0.35 0.20 0.17 0.28
Eyes (10 points) 0.40 0.20 0.20 0.20
Nose (3 points) 0.29 0.23 0.13 0.35
Mouth (4 points) 0.31 0.23 0.18 0.28
Chin (1 point) 0.14 0.26 0.25 0.35
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Fig. 7. Comparison on Set 3 of the cumulative error performance of point-to-point error
for fitting evaluation.
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Fig. 8. Comparison on Set 3 of the cumulative error performance of point-to-point error
depending on the number of candidates kept.

Table 3
Results for expression robustness on Set 4 for expressive and neutral images. Each
point is grouped by sub-part: LE = Left Eye, LEb = Left Eyebrow, RE = Right Eye,
REb = Right Eyebrow and M = Mouth.

Method Data Mean error and standard deviation (%) for each model

LE LEb RE REb M

MuKam Neu. 3.5 (1.4) 5.2 (2.4) 3.2 (1.5) 5.3 (2.8) 4.9 (2.7)
Exp. 3.5 (1.7) 5.4 (3.0) 3.3 (1.6) 5.6 (3.1) 7.4 (3.5)

Saragih et al. Neu. 6.0 (1.5) 7.2 (3.0) 5.4 (1.6) 6.6 (3.3) 5.2 (2.4)
Exp. 6.4(1.8) 7.8 (4.3) 6.8 (3.6) 7.9 (3.8) 8.8 (4.5)
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mostly observable on the eyebrows and mouth, resulting in larger
model deformations. To correctly evaluate our system on expressive
faces, we regroup our measures by face-parts, giving errors relevant to
expressive deformations. We calculate the mean error on 5 face-parts:
right eye, left eye, right eyebrow, left eyebrow and mouth. For compar-
ison purpose, we also evaluate the work of [38] considered to be the
state-of-the-art method for CLM. However, it is important to note that
the provided code is primarily designed for tracking and not really
well suited for image alignment task. Nevertheless, we slightly modify
it to get a frame by frame detector (region of interest have been
increased, and the parameters are initialized for each image) and to pro-
ceed to the fairest comparison. Table 3 depicts the evaluation results.

Our system presents accurate results and a good ability to generalize
on expressive images. For each sub-model, the results obtained on ex-
pressive images are close to those obtained on neutral faces. Our system
locates points with an error of less than roughly 2 pixels for the eyes
and 2.5 pixels for the eyebrows. The mouth is more difficult to detect
because of the possible deformations. As expressive faces, we choose
frames that correspond to the apex of the expression where deforma-
tions are often exaggerated (especially in Cohn-Kanade database),
which are thus not necessarily admissible for the shape model.

6.6.2. Effect of pose
For this evaluation, we apply our detector on Set 5 containing faces

presenting pose varying along the yaw angle from −40° to +40°. As
for the expression robustness evaluation, we also show the results
obtained by the work of [38] in a frame by frame detector mode.
Figs. 9 and 10 show some quantitative and qualitative results of this
study.

TheHistogram represented in Fig. 9 demonstrates the efficiency of our
method when handling non-frontal faces up to 25°, where the mean
errors stay below 6.1%. The mean error is lower than 5% (resp. 10%) for
a pose up to 15° (resp. 35°). The system shows some difficulties over
this range because we only estimate an in-plane rotation during the
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Fig. 9. For face images presenting different poses (Set 5).

Fig. 10. Results obtained for face images presenting different poses: 0, 25 and 40°.
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Fig. 11. Comparison on Set 3 of the cumulative error performance of point-to-point
error for fitting evaluation.
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model initialization. When the face presents out-of-plane rotations, the
model initializationmay thus be far from the solution.Moreover, because
we train our deformable model on near-frontal faces, it is not especially
able to handle this type of large variation. One solution to overcome
this weakness would be to task an upstream system to give a prior infor-
mation on facial deformation induced by poses as proposed by [18]. But
this kind of system should necessarily be very robust to not steer the
alignment process in a wrong direction. We could also think about an it-
erative process, in which the pose parameters are repeatedly estimated,
and the corresponding transformation is then applied to the patch expert.
This way, the pose information is directly introduced in the score compu-
tation. But this process may increase processing time because of the ne-
cessity to compute the score maps at each new pose parameters. Such
an approach would be much more appropriate in a tracking framework
[38], where the pose parameters of the previous frame could be used.

However, the performances of our method up to 35° show that this
system is well suited for applications designed for human computer
interaction, in which the user generally faces the system.

6.7. Results & comparison

The following experiment compares our method with the current
state-of-the-art methods. This evaluation is performed on Set 6,
containing BioID faces on which numerous systems have been tested.
This is a particularly challenging dataset as it is captured under
cluttered backgrounds and various real-world illumination environ-
ments. We thus compare our system with several recent methods:
the original CLM from [11], LEAR from [27], BoRMaN from [46],
STASM from [30] and the system of [2] and [14]. For a fair comparison,
we use the error measure for only 17 points, as [11] explains. Fig. 11
reports the cumulative error distribution of the me17 error measures
on BioID database.

The reported results show that our method can be compared favor-
ablywith state-of-the-art experimental results. As pointed by [5], it is im-
portant to note that the curves of the works of [27] and [2] are hardly
comparable as they re-annotated some of the data.

Fig. 12 shows some qualitative results on representative images
from two different databases: the first row for LFPW (Set3) and the
second row for BioID (Set 6). These images depict the good ability
the system has to handle different deformations (induced by pose
variations or expressions) and partial occlusions.

6.8. Processing times

To reduce complexity and offer the system the ability to quickly anno-
tate an image, the proposed detector uses a two-stage classifier as a
detection step. Thefirst stageS1 uses a linear classifier; themaxima selec-
tion is thus performed with convolution operations. Using a MATLAB

code on Intel i7 2.8 GHz, this step requires less than 0.10 s per image.
The second stage estimate the candidate likelihoods in under 1.2 s per
image. For comparison, running the last stage directly on the whole
region (i.e., extracting the descriptor from each pixel in the region and
computing the kernel function with all examples) would require more
than 5 min per image. Finally, our system annotates the 24 points in ap-
proximately 1.5 s.We are currently implementing the algorithm in C++
to achieve real-time localizations.

7. Conclusion

Accurate and fully automatic facial landmark detection would
have many applications and remains an essential step in many face
analysis systems. In this work, we have focused on two main aspects
of facial landmarking: the detection step, which locates each point in-
dependently, and the optimization step, which brings constraints to
these locations.

The Multi-Kernel Appearance Model has been designed to over-
come the inherent limitation of PAMs. Indeed, MuKAM is based on a
detection step, during which several hypotheses are generated, and
used to estimate the parameters of a deformable model. Several key
attributes contribute to system robustness and accuracy. The approach
is based onmulti-resolution features to encodemore comprehensive in-
formation. These descriptors are then combined with multiple-kernel
SVM using a well suited and highly discriminative kernel function. A
bootstrap strategy has also been implemented, providing relevant
examples during the training process. Finally, to reduce computational
time, we propose a two-stage classifier especially designed to reduce
the amount of data computed by a time-consuming kernel machine:
the first stage based on gray-level features and linear kernels quickly
select a set of hypothetical locations, while the second stage proposes a
more complex focus on these hypotheses and estimate their likelihood.

Moreover, a final step introduces constraints between detections.
It is based on an alignment process that finds the optimal parameters
of a statistical shape model: a Gauss–Newton algorithm optimizes a
cost function especially to handle the sparse observation given by
the second stage of our classifier.

In this paper, we investigate key aspects of ourmethod by performing
complete experiments at different levels. We also analyze the robustness
of our system against usual face variation aspects: pose and expression.
The results of these extensive cross-database evaluations show the
good ability of our system to copewith these perturbations. Finally, com-
parisons with other methods performed on the standard BioID database
show that our detector can be compared favorably with state-of-the-art
methods.

As our current works concern emotion recognition and human be-
havior analysis, the accuracy and robustness of this facial landmark
detector will allow us to consider interactions in real-world conditions.

Fig. 12. Qualitative results on Set 3 and Set 4 (LFPW and BioID databases respectively).
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