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Abstract—In this article chosen approaches to the facial
features detection have been gathered and described. In the
conclusion author discusses advantages and disadvantages of the
presented algorithms.
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I. INTRODUCTION

ACE detection is an important preprocessing task in

biometric systems based on facial images. The result of
the detection derives the localisation parameters and it could
be required in various forms (Figure 1), for instance:

o a rectangle covering the central part of face,

o a larger rectangle including forehead and chin,
o irregular mask of the face area,

e eyes centres,

o multiple face fiducial points,

« contours of the face parts.

While from human point of view the area parameters
are more convincing, for face recognition system, fiducial
points are more important since they allow to perform facial
image normalisation — the crucial task before facial features
extraction and face matching.

In the facial fiducial point detection problem, taken assump-
tions are of crucial importance. The simplest case occurs, when
the number and the position of all of the faces is known and
usually given by one of the popular face detectors (for example
AdaBoost based [48]). In this situation the area of probable
location of the facial features can be strongly reduced. In the
classical localisation we assume that the face is present, but
its position is not known. Another case is when the fact of
the face existence in the image is not known, but there can
be at most one. The most difficult situation appears when the
position and the number of faces is not known.

Methods of facial features localisation can be divided into
groups dependent on the information used [6], [3]:

e appearance-based,

o geometry-based,

o knowledge-based,

e 3D Vision-based.

Most of the algorithm existing in the literature combines
features of more than one of the given methods and they are
usually easy to distinguish.

II. APPEARANCE-BASED APPROACH

In this approach values of luminance or gradients in the
given area are analysed. Object model is usually formed
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by reducing the image data dimensionality and improving
separability between facial and non-facial patterns.

A. Principal Components Analysis (PCA)

One of the most popular and simplest image analysis
method is Principal Components Analysis [40], [21]. In this
algorithm mean vector p and the covariance matrix of the
training set are computed. For the covariance matrix eigen-
vectors sorted by the corresponding eigenvalues are extracted.
Eigenvectors associated with the highest eigenvalues carry
most of the object energy. Matrix A is created by choosing
k first eigenvectors. Data x representation in the new space is
defined by the formula:

x = Al(x —p), (1

The process leads to the dimensionality reduction without
loosing most relevant information. Matrix A can be also
easily computed by the SVD decomposition and choosing
eigenvectors corresponding to the highest variances.

PCA is usually used as an preprocessing technique, not
necessarily working directly on the luminance values. It often
applies not only to the appearance models, but also to the
3D-based methods [44].

Example of the dimensionality reduction for the facial
features detection can be found in the works of Antonini [1]
(reduction 1024-elements vector to 50 elements) or Celiktutan
[6] (reduction 768 to 100 elements vector). Matas [36] applied
PCA for the detection of 10 fiducial face points by analysing
pixels in the closest neighbourhood of the Harris corner
detector responses. He also suggested, that probably better
results could be achieved by using more sophisticated methods
like neuron networks or SVM. This work was continued
by Hamouz [25], who achieved better results by replacing
PCA with the Gabor filters. Cootes, in his work on Active
Appearance Models (AAM) [9] applied PCA to create face
appearance model, derive face shape parameters and combine
these two approaches.

B. Linear Discriminant Analysis (LDA)

The goal of the PCA is to find principle directions of the
data samples without any consideration of the data separability.
Extension of this method is Linear Discriminant Analysis
(LDA), lineary converting data to maximise criterion defined
as the ratio of between- and within-class variance [20], [22].
Classification is performed by computing distances of the
vector in the new space to the mean vectors of all categories
and as the result the class with the lowest value is given. LDA
is used mostly in face recognition, but articles about facial
features representation can also be found. Kim [32] proposed
LDA for computing the descriptor of the face components. He
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divided face into 14 overlapping rectangular regions and used
LDA to distinguish them.

Particular aspect of Linear Discriminant Analysis is two
class problem - “fiducial face point” and “non-fiducial face
point”. Hotta noticed [26], that in this case it is more efficient
to treat every sample of “non-object” as a separate class.
This is caused by the fact that for the “face” samples mean
and variation can be easily computed, while the “non-face”
statistics are less reliable. Efficiency of this method has been
also proven by the author of this article [38].

C. Support Vector Machine (SVM)

Separation measure used in LDA often appears unsatisfac-
tory, especially when the samples are not lineary separable.
Alternative to this method is Support Vector Machine (SVM)
[12]. For the linear classification of the lineary separable data
SVM maximises margin between two half-spaces given by the
equations:

Hy:x;w+b>+1fory; =+1

) (2)
Hy:x;w+b< —1fory;, =-—1

where w and b are the parameters of the hyperplane parallel
to and fitted in the middle of the halfspaces H; and H,. x;
corresponds to the ¢-th support vector and y; corresponds to
its class +1 or —1. Margin between hyperplanes is equal
m= 1T The name of the method is taken from the fact, that
H, and }{ 2 lean on some of the data samples - support vectors.
Usually dual version of the equation 2 is used. In this approach
the hyperplane is dependant on the model coefficients and
the product of pairs of vectors x;x; [5]. In consequence the
classification can be performed in non-linear space while the
process of defining new subspace remains unchanged (it is
called “kernel trick”). When the classes are not separable,

set of the face fiducial
points [49]

set of face fiducial points
placed on face parts con-
tours [9]

rectangles covering face
parts and the face itself
[17]

Fig. 1. Different methods of representing face fiducial points and face parts.

which is the usual case, soft margin allowing error penalty
is added to the equations.

Jee [30] applied SVM with RBF kernel for eyes detection.
200-elements descriptor was extracted from the 20 x 10 analy-
sis window. Training set consisted of 400 images of eyes and
non-eyes. After choosing candidates, SVM verified combina-
tions of eye pairs, rejecting impossible sets. Similarly Hamouz
[25] applied SVM for verifying face candidates localised by
its fiducial points. Zhu [53] have taken assumption, that in the
IR light image, eyes are brighter than in the image taken in the
visible light spectrum. From the difference of these two images
he chose only the ones with the highest difference values
and verified them by SVM with gaussian kernel. Antonini [1]
used SVM to classify 50 elements vector obtained by ICA
and PCA to one of the 10 fiducial face points classes. Other
interesting remark was made by Ngyuen [39]. On the base of
SVM analysis he discovered, that for the eyes analysis only
few of the pixels in the window of analysis are important to
the detection process. He managed to reduce the number of
processed pixels to 13% without loosing localisation accuracy.

D. Independent Components Analysis (ICA)

Other method of data analysis used in facial features detec-
tion is Independent Components Analysis (ICA) [8], [15]. It’s
functionality can be described on the blind source separation.
Assuming, that there are n independent scalar sources of the
signal z;(t) for ¢ = 1..n, where ¢ stands for the time index
1 <t < T. For k-dimensional data vector derived from the
sensor in the time index, following equation can be given:

s(t) = Ax(t), (3)

where A is a k& x n matrix. The goal of the ICA is to
find d independent components derived from the observation
s. In the pattern classification problem we don’t know how
many sources exists, so this value is mostly set to the number
of categories. ICA is usually used as a preprocessing tech-
nique before classification methods, for example by bayesian
classifier or SVM. In most cases achieved results are better
than obtained by PCA. This is caused by the fact, that the
higher order statistics are taken into account, not only the
covariance matrix. On the other hand separation of the signals
is not always possible, for example if the signal probability
distribution is gaussian.

In mentioned before work of Antonini [1] ICA was used
after PCA. Classification was performed using Support Vector
Machines. Celiktutan [6] also applied ICA and SVM to
classify the vector to one of the 12 facial features, but no
prior PCA have been applied. He also compared this method
to other feature extractors - DCT, Gabor wavelets and non-
negative matrix factorisation. According to his work it appears,
that the latter methods are more suitable for classification. He
also proved efficiency of the fusion of all of these methods.

E. Neuron Networks (NN)

Neuron Network is a multi-element structure processing
the data using neurons. Neurons are connected with defined
weight given in the training process. Between input and output
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elements “hidden layers” can also exist. Number of neurons,
topography and connections can be different for every solution.
Classical NN lead to the linear classification.

Most of the NN literature concerns face detection [31], [43],
nevertheless algorithms on face fiducial points detection are
also present. Reinders [41] applied NN for localising 4 facial
features in a video sequence. The search was performed in the
closest neighbourhood of the feature position in the previous
frame. Detected points were verified by the geometric model.
In order to handle light variations, the analysis was performed
in two images - edge direction and gradient. Ryu [45] de-
scribed eyes and mouth detection using NN. He had proven,
that processing of the eigenvectors can lead to the successful
classification. Duffner [16] proposed a 6-layer architecture
of the facial features detection network. Three of the layers
computed convolution of the points map with defined kernel,
while the remaining layers gathered basic neurons.

FE. Windows Contrasts and AdaBoost

In 2001 Viola and Jones presented their reliable and fast
face detection algorithm [48]. It was based on combining
many “weak” classifiers, working by simple thresholding
region contrasts, into one “strong”, reliable classifier using
AdaBoost. Real-time processing became possible by using
integral image, allowing fast region pixels summation, and
the cascade of the classifiers. In the subsequent years the
algorithm was extensively developed by enlarging extractors
set, substituting AdaBoost by the GentleBoost algorithm [35]
or using asymmetric samples weighting in the training process
[47]. Basic implementation is freely available within popular
OpenCV library.

Viola and Jones algorithm isn’t limited to face detection and
can be applied to various objects. Cristinacce [13] proposed
two-step analysis based on AdaBoost detectors. Firstly all the
faces in the image were localised and afterwards search of
the eyes and mouth corners in the region of these faces was
continued. In order to validate found features, shape statistics
have also been used. Vukadinovic [49] proposed applying
GentelBoost to improve analysis of the Gabor filter responses
for fiducial points classification. Algorithm of facial features
detection using AdaBoost and contrast features was proposed
by Erukhimov [17]. After initial defining possible position
of the face parts, their validation was performed based on
geometric model.

Above all of the cited algorithms AdaBoost detector is most
often used as a preprocessing technique to define possible face
candidates for more sophisticated localisation.

G. Gabor Filters

Gabor filters [23] are one of the most popular facial features
extractors. It was proven (for example in [14]), that they are
more efficient than PCA, LDA or Local Feature Analysis
(LFA). Response of the Gabor filter g(x,y) can be expressed
as:

9(w,y) = car(z,y)env(z,y), “)

where car(z,y) stands for complex 2D sinusoidal signal
(carrier) and env(z,y) is a 2D modulating gaussian function
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Fig. 2. Gabor filter construction. Real part of a) sinusoidal carrier, b) gaussian
modulating function, ¢) Gabor filter created by multiplying a) and b).
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Fig. 3. Discrete approximation of the Gabor filters - discrete Gabor Jets
[38]. Every ring square represent mean luminance value.

(envelope). Figure 2 presents a way of constructing such a
filter.

In face fiducial points detection, usually set of 40 filter re-
sponses (Gabor jet) for 8 different orientations and 5 different
frequencies is analysed. Lades proposed extraction of the face
descriptors in the ties of the rectangular grid [33]. Models
were formed on the base of many face images separately and
the localisation in a new picture was performed by adjusting
grid to give closest match to all of the trained models. One
of the most important works on Gabor filters was written by
Wiskott [50]. It was similar to the work of Lades, but the
points were not chosen by the rectangular grid, but in the
fiducial face points. For each of these points separate model
consisting of Gabor jets for many different variations of this
feature was trained. Classification of each point was performed
by calculating the distance of actual object to all of the models
and choosing the one with the lowest distance value. Jahanbin
[29] proposed using Gabor jets in the detection of the face
fiducial points in range and luminance images simultaneously.
Faces were normalised by the tip of the nose so the problem
was very simplified. Very good results have been achieved
by Feris [19]. In his work point representation was given by
the Gabor wavelet networks. Impact of the chosen Gabor jet
responses set on the fiducial points detection was analysed by
Fasel [18]. He had proven, that for various face parts, classical
40 elements vector is not the best solution. Because Gabor
filters extraction is very computationally expensive, Naruniec
and Skarbek [38] proposed discrete Gabor jets - an efficient
approximation of the original filters (Figure 3).

III. GEOMETRY-BASED APPROACH

Geometry-based methods assume some invariance in the
spatial relationships of the face parts. These relations can
be distances, angles etc. These dependencies are usually
described by the graph.
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Fig. 5.
[9].

Different appearance modes created by changing PCA parameters

A. Active Shape Models (ASM)

Active Shape Models were proposed by Cootes in 1995
[10]. His work concerned medical images, but achieved results
can be easily extended to face analysis. In this method model
was formed on the base of defined object images set. At first
for every sample pattern contour with marked fiducial points
(always the same) was manually marked (Figure 4). These
points were subsequently normalised by the rotation, scale
and shift. In the next step PCA was used to decorelate points
in order to get a few parameters controlling whole object
variation. Moving each corner separately would lead to unreal
patterns, but in this case only possible shapes can be adjusted.
Cootes localisation was performed by placing initial shape on
the image and adjusting it by the derived parameters to match
the strong edges.

Modification of the algorithm allowing detection of about
80 face fiducial points was proposed by Milborrow [37].
For the localisation he used two models - one for a coarse
detection and the second one to increase the accuracy of the
found points. Zhenh [52] proposed creating separate model for
every facial feature. Haj [24] applied skin colour detection for
defining initial placement of the ASM.

In 1998 Cootes extended ASM to the Active Appearance
Models (AAM) [9]. Grayscale image of the object was in-
cluded in the PCA model to define also the appearance of the
human face (see Figure 5) .

B. Elastic Bunch Graph Matching

This method, already mentioned in the appearance-based
methods section, was proposed by Wiskott [SO]. Author pro-
posed graph consisting of face fiducial points (eyes centres,
nose tip, mouth corners) and contour points. Connections
were weighted by the distance between corresponding points.

Elastic graph matching was performed by rough graph match-
ing, and subsequent precising the results. Graphs ensure that
no unrealistic set of points will be accepted. The proposed
algorithm also has some limitations - face sizes must be similar
on all of the images, the model is created for one face position,
for example frontal or profile and only one face can be detected
in an image.

IV. KNOWLEDGE-BASED APPROACH

Knowledge-based approach relies on our information about
human face. It could concern colour, symmetry, edge direction,
placement of the face parts or the proportions.

The simplest method of rejecting many false facial feature
detection can be achieved by analysing their spatial distances.
It can be easily verified if the left eye is on the left side of
the right eye etc.

Face colour is usually applied as a preprocessing technique
in order to define regions of interest or for verification of
the detected faces. In some cases it is also used in direct
localisation. Beigzadeh [2] formed the set of dependencies in
the CbCr colour space describing eyes and mouth. Additional
verification was performed by the edges and geometrical dis-
tances analysis. Hsu [27] suggested, that eyes neighbourhood
is defined by pixels with high Cb and low Cr values, while
mouth is characterised by high Cr values. He additionally
stated, that eyes region usually consists of both dark and
light pixels. This information along with simple geometric
information was used for the facial features detector. In most
publications colour is applied for defining initial face region
in different colour spaces: HSV [46], RGB [24] or CbCer.

Algorithms applying symmetry information for face detec-
tion are also known. They usually assume, that the background
is uniform and the face covers most of the image. Reisfeld
proposed a method using edge image and symmetry for
localising eyes and mouth [42].

Another interesting group of algorithms is based on so
called experts. One of the most known works on this subject
was proposed in 1992 by Craw [11]. He defined local and
global experts. Local experts served as a set of rules for
detecting facial features. For example eyes expert operated
on the assumption, that they are placed in a dark region
surrounded by lighter pixels.

Methods based on the knowledge are usually easy to im-
plement and fast, but because of their low accuracy they are
mostly used in combination with other techniques.

V. 3D VISION-BASED APPROACH

Currently the acquisition of the 3D models become very
popular. In order to acquire 3D image various methods are
used, for example:

o structural light [34],

o laser scans [28],

o multi-view cameras [4].

Availability of the 3D image gives more possibilities than
2D model. One of the most important issues, in the application
of face recognition, is the possibility of estimating frontal face
pose.
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Fig. 6.

Example of luminance (left) and depth (right) images [29].

Jahanbin [29] proposed system based on depth and lumi-
nance image normalised by the nose tip (Figure 6). It is usually
simple to achieve due to the fact, that the nose is in most
cases the closest point to the camera. In the probable facial
features areas he classified points using Gabor jets (described
earlier) for both luminance and depth image. As the result
points with the lowest distance to the model were chosen. In
order to reduce “’spikes” of the 3D image Colbry [7] proposed
smoothing operation before proper classification. Yuasa [51]
presented geometric criteria validating localisation of any face
fiducial points.

Methods based on the 3D-images, despite of delivering
more information, cope with other problems. For acquisition
expensive equipment of large sizes is often needed. Single
scan usually takes some period of time (for example 1 second)
demanding from the person to stand completely still in the time
of the procedure. Simpler acquisition methods often give poor
results with low resolution or high number of errors.

VI. CONCLUSION

Four groups of facial features detection algorithms have
been described. Appearance-based methods are very general
and can be used in multiple applications - most of them allow
the detection of any patterns. It was proven, that they are very
efficient in face fiducial points detection. Some of them can
work in real-time what is very desirable in many systems.
On the other hand it is usually very hard to find representative
training set that describes whole variability of the human face.
In the consequence features that are different than in the model
(beard, glasses, etc.) can be missed in the image. In some cases
(AdaBoost for instance) training process may last very long,
even for weeks. Geometric models are often bound to one
face profile. They usually allow localisation of only one face
in the image. Their advantage is that in most of the solutions
no unrealistic shapes can appear. Also large set of points can
usually be detected what is hard to achieve for other groups
of methods. Knowledge-based algorithms are simple and fast,
but their efficiency is often worse than the others. 3D-Vision
models deliver more information than 2D and therefore allow
more efficient classification. They usually assume, that the tip
of the nose is the closest point to the device. Acquisition often
needs expensive and large equipment while the face scan is
not as fast as using standard camera.

[1]

[2]

[3]
[4]

[5]

[6]

[7]
[8]
[9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]
[21]

[22]

(23]

[24]

[25]

271

REFERENCES

G. Antonini, V. Popovici, and J. Thiran, “Independent Component
Analysis and Support Vector Machine for Face Feature Extraction,”
in 4th International Conference on Audio- and Video-Based Biometric
Person Authentication, Guildford, UK, ser. Lecture Notes in Computer
Science, vol. 2688. Berlin: IEEE, 2003, pp. 111-118.

M. Beigzadeh and M. Vafadoost, “Detection of face and facial features
in digital images and video frames,” in Biomedical Engineering Confer-
ence, 2008, pp. 1-4.

Y. Ben Jemaa and S. Khanfir, “Automatic local Gabor Features extraction
for face recognition,” ArXiv e-prints, Jul. 2009.

V. Blanz and S. Romdhani, “Face identification across different poses
and illuminations with a 3d morphable model,” in FGR ’02: Proceedings
of the Fifth IEEE International Conference on Automatic Face and
Gesture Recognition. Washington, DC, USA: IEEE Computer Society,
2002, p. 202.

B. E. Boser, I. M. Guyon, and V. N. Vapnik, “A training algorithm for
optimal margin classifiers,” in COLT ’92: Proceedings of the fifth annual
workshop on Computational learning theory. New York, NY, USA:
ACM, 1992, pp. 144-152.

O. Celiktutan, H. Akakin, and B. Sankur, “Multi-attribute robust facial
feature localization,” in Automatic Face & Gesture Recognition, 2008.
FG ’08. 8th IEEE International Conference on, 2008, pp. 1-6.

D. Colbry, G. Stockman, and A. Jain, “Detection of anchor points for
3d face verification,” in SafeSecur05, 2005, pp. III: 118-118.

P. Comon, “Independent component analysis, a new concept?” Signal
Process., vol. 36, no. 3, pp. 287-314, 1994.

T. E. Cootes, G. J. Edwards, and C. J. Taylor, “Active appearance
models,” Lecture Notes in Computer Science, vol. 1407, 1998.

T. F. Cootes, C. J. Taylor, D. H. Cooper, and J. Graham, “Active shape
models-their training and application,” Computer Vision and Image
Understanding, vol. 61, no. 1, pp. 38-59, January 1995.

I. Craw, D. Tock, and A. Bennett, “Finding face features,” in ECCV "92:
Proceedings of the Second European Conference on Computer Vision,
1992, pp. 92-96.

N. Cristianini and J. Shawe-Taylor, An Introduction to Support Vector
Machines and Other Kernel-based Learning Methods, 1st ed. Cam-
bridge University Press, March 2000.

D. Cristinacce and T. Cootes, “Facial feature detection using adaboost
with shape constraints,” in BMVC03, 2003.

G. Donato, M. S. Bartlett, J. C. Hager, P. Ekman, and T. J. Sejnowski,
“Classifying facial actions,” IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 21, no. 10, pp. 974-989, 1999.

R. O. Duda, P. E. Hart, and D. G. Stork, Pattern Classification (2nd
Edition), 2nd ed. Wiley-Interscience, November 2000.

S. Duffner and C. Garcia, “A connexionist approach for robust and
precise facial feature detection in complex scenes,” in Image and Signal
Processing and Analysis, 2005. ISPA 2005. Proceedings of the 4th
International Symposium on, Sept. 2005, pp. 316-321.

V. Erukhimov and K. Lee, “A bottom-up framework for robust facial
feature detection,” in FG, 2008, pp. 1-6.

I. Fasel, M. Bartlett, and J. Movellan, “A comparison of gabor filter
methods for automatic detection of facial landmarks,” Automatic Face
and Gesture Recognition, IEEE International Conference on, vol. 0, p.
0242, 2002.

R. S. Feris and V. Kriiger, “Hierarchical wavelet networks for facial
feature localization,” in FGR ’'02: Proceedings of the Fifth IEEE
International Conference on Automatic Face and Gesture Recognition.
Washington, DC, USA: IEEE Computer Society, 2002.

R. Fisher, “The use of multiple measurements in taxonomic problems,”
Annals of Eugenics, vol. 7, pp. 179-188, 1936.

K. Fukunaga, Introduction to Statistical Pattern Recognition. Academic
Press, 1992.

K. Fukunaga and L. Hostetler, “The estimation of the gradient of a
density function, with applications in pattern recognition,” in [EEE
Trans. Information Theory, vol. 21, January 1975, pp. 32-40.

D. Gabor, “Theory of communication,” JIEE, vol. 93, no. 3, pp. 429—
459, 1946.

M. Haj, J. Orozco, J. Gonzalez, and J. Villanueva, “Automatic face and
facial features initialization for robust and accurate tracking,” in /CPR,
2008, pp. 1-4.

M. Hamouz, J. Kittler, J.-K. Kamarainen, P. Paalanen, H. Kalviainen,
and J. Matas, “Feature-based affine-invariant localization of faces,” IEEE
Transactions on Pattern Analysis and Machine Intelligence, vol. 27,
no. 9, pp. 1490-1495, 2005.



272

[26]

[27]

(28]

[29]

[30]

[31]

(32]

(33]

[34]

[35]

[36]

[37]

[38]

JACEK NARUNIEC

K. Hotta, T. Kurita, and T. Mishima, “Scale invariant face detection
method using higher-order local autocorrelation features extracted from
log-polar image,” in FG '98: Proceedings of the 3rd. International
Conference on Face & Gesture Recognition. Washington, DC, USA:
IEEE Computer Society, 1998, p. 70.

R.-L. Hsu, M. Abdel-Mottaleb, and K. Jain, “Face detection in color
images,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 24, no. 5, pp.
696-706, 2002.

K. Ignasiak, M. Morgo, W. Skarbek, and M. Tomaszewski, “3d data
processing for 3d face modelling,” in International Conference: ICCVG
2004, Computer Vision and Graphics. Springer, 2006, pp. 161-166.
S. Jahanbin, A. Bovik, and H. Choi, “Automated facial feature detection
from portrait and range images,” in [EEE Southwest Symposium on
Image Analysis, 2008, pp. 25-28.

H. Jee, K. Lee, and S. Pan, “Eye and face detection using svm,”
in Intelligent Sensors, Sensor Networks and Information Processing
Conference, 2004. Proceedings of the 2004, Dec. 2004, pp. 577-580.
P. Juell and R. Marsh, “A hierarchical neural-network for human face
detection,” PR, vol. 29, no. 5, pp. 781-787, May 1996.

T. Kim, H. Kim, W. Hwang, S. Kee, and J. Kittler, “Component-based
Ida face descriptor for image retrieval,” in The [13th British Machine
Vision Conference, 2002.

M. Lades, J. Vorbriiggen, J. Buhmann, J. Lange, C. von der Malsburg,
R. Wiirtz, and W. Konen, “Distortion invariant object recognition in the
dynamic link architecture,” IEEE Transactions on Computers, vol. 42,
pp. 300-311, 1993.

H. Li, R. Straub, and H. Prautzsch, “Fast subpixel accurate recon-
struction using color structured light,” in Proceedings of the Fourth
IASTED International Conference on Visualization, Imaging, and Image
Processing, The International Association of Science and Technology for
Development (IASTED). ACTA Press, September 2004, pp. 396-401.
R. Lienhart, A. Kuranov, and V. Pisarevsky, “Empirical analysis of
detection cascades of boosted classifiers for rapid object detection,”
Pattern Recognition, pp. 297-304, 2003.

J. Matas, P. Bilek, M. Hamouz, and J. Kittler, “Discriminative regions
for human face detection,” in in Proceedings of Asian Conference on
Computer Vision, 2002.

S. Milborrow and F. Nicolls, “Locating facial features with an extended
active shape model,” in ECCV 08, 2008, pp. IV: 504-513.

J. Naruniec and W. Skarbek, “Face detection by discrete gabor jets
and reference graph of fiducial points,” in Rough Sets and Knowledge
Technology. Springer Berlin / Heidelberg, 2007, pp. 187-194.

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

(53]

M. H. Nguyen, J. Perez, and F. D. la Torre Frade, “Facial feature
detection with optimal pixel reduction svms,” in 8th IEEE International
Conference on Automatic Face and Gesture Recognition, September
2008.

K. Pearson, “On lines and planes of closest fit to systems of points in
space,” Philosophical Magazine, vol. 2, no. 6, pp. 559-572, 1901.

M. Reinders, R. W. C. Koch, and J. Gerbrands, “Locating facial features
in image sequences using neural networks,” in In 2 nd International
Conference on Automatic Face and Gesture Recognition, 1997, pp. 230—
235.

D. Reisfeld and Y. Yeshurun, “Robust detection of facial features by
generalized symmetry,” in /ICPR92, 1992, pp. 1:117-120.

H. Rowley, S. Baluja, and T. Kanade, “Neural network-based face detec-
tion,” IEEE Transactions On Pattern Analysis and Machine intelligence,
vol. 20, pp. 23-38, 1996.

T. Russ, C. Boehnen, and T. Peters, “3d face recognition using 3d
alignment for pca,” in IEEE Computer Society Conference on Computer
Vision and Pattern Recognition, 2006, pp. II: 1391-1398.

Y.-S. Ryu and S.-Y. Oh, “Automatic extraction of eye and mouth fields
from a face image using eigenfeatures and ensemble networks,” Applied
Intelligence, vol. 17, no. 2, pp. 171-185, 2002.

K. Sobottka and I. Pitas, “Face localization and facial feature extraction
based on shape and color information,” in ICIP 96, 1996, pp. III: 483—
486.

P. Viola and M. Jones, “Fast and robust classification using asymmetric
adaboost and a detector cascade,” in Advances in Neural Information
Processing System 14. MIT Press, 2001, pp. 1311-1318.

——, “Robust real-time object detection,” International Journal of
Computer Vision, 2001.

D. Vukadinovic and M. Pantic, “Fully automatic facial feature point
detection using gabor feature based boosted classifiers,” Proceedings of
IEEE ICSMS, 2005.

L. Wiskott, J.-M. Fellous, N. Kriiger, and C. von der Malsburg, “Face
recognition by elastic bunch graph matching,” IEEE Trans. Pattern
Analysis and Machine Intelligence, vol. 19, pp. 775-779, 1997.

M. Yuasa, T. Kozakaya, and O. Yamaguchi, “An efficient 3d geometrical
consistency criterion for detection of a set of facial feature points,”
IEICE - Trans. Inf. Syst., vol. E91-D, no. 7, pp. 1871-1877, 2008.
Z.-L. Zheng and F. Yang, “Enhanced active shape model for facial
feature localization,” in Machine Learning and Cybernetics, 2008 In-
ternational Conference on, vol. 5, July 2008, pp. 2841-2845.

Z. Zhu and Q. Ji, “Robust real-time eye detection and tracking under
variable lighting conditions and various face orientations,” Comput. Vis.
Image Underst., vol. 98, no. 1, pp. 124-154, 2005.





