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Abstract

In this paper, a robust technique is proposed to detect and
track a set of twenty-eight prominent facial features under
various facial expressions and face orientations in real-time.
Specifically, after the face image is captured from the camera,
a trained face mesh is first employed to estimate a rough posi-
tion for each facial feature based on the located eye positions.
Subsequently, an accurate position is obtained for each facial
feature by searching around its roughly estimated position.
Once the facial features are located, by using the appearance
information of each facial feature together with the geometry
information among the facial features, a shape-constrained
correction-based tracking mechanism is activated to track
them in the subsequent image frames. Finally, the perfor-
mance of the proposed technique is demonstrated through
building a real-time facial feature tracking system that can
detect and track a set of twenty-eight facial features automat-
ically as soon as a person is sitting in front of the camera.

1 Introduction
Facial features, such as eyes, eyebrows, nose and mouth, as
well as their spatial arrangement, are important for the facial
interpretation tasks including face recognition [1], facial ex-
pression analysis [2] and face animation [3]. Therefore, ac-
curately locating these facial features in a face image is cru-
cial for these tasks to perform well. Various techniques [4],
[5], [6], [1], [7] have been proposed to detect and track facial
features in face images. In general, two types of information
are commonly utilized by these techniques. One is the image
appearance of the facial features, which is referred as texture
information; and the other is the spatial relationship among
different facial features, which is referred as shape informa-
tion.

In [6], a neural network is trained individually as a fea-
ture detector for each facial feature. Facial features are then
located by searching the face image via the trained facial fea-
ture detectors. Similarly, Gabor wavelet networks are trained
to locate the facial features in [5]. Since the shape informa-
tion of the facial features is not modelled explicitly in both
techniques, they are prone to image noise. Therefore, in [4],
a statistical shape model is built to capture the spatial rela-
tionships among facial features, and multi-scale and multi-
orientation Gaussian derivative filters are employed to model
the texture of each facial feature. However, only the shape in-
formation is used when comparing two possible feature point

configurations, ignoring the local measurement for each fa-
cial feature. Such a method may not be robust in the pres-
ence of image noise. In [1], facial features are represented
with the Gabor Jets and the spatial distributions of facial fea-
tures are captured with a graph structure implicitly. Via the
graph structure, only the simple spatial information among
the facial features is imposed, whose variation is not mod-
elled directly. Since most of these proposed techniques either
assume frontal facial views, or without significant facial ex-
pressions, or under constant illuminations, good performance
has been reported. However, in reality, the image appearance
of the facial features varies significantly among different in-
dividuals. Even for a specific person, the appearance of the
facial features is easily affected by the lighting conditions,
face orientations and facial expressions. Therefore, robust
facial feature tracking still remains a very challenging task,
especially under variable illumination, face orientation and
facial expression.

In this paper, a novel technique is proposed to improve the
robustness and accuracy of the existing facial feature track-
ers such that facial features can be detected and tracked under
the above challenging situations. First, Kalman filtering [8]
is utilized to predict the position for each facial feature in a
new image so that a smooth constraint can be imposed on
the motion of each facial feature. Next, given the predicted
feature positions, the multi-scale and multi-orientation Gabor
wavelet matching method [9], [1], [2] is used to detect each
facial feature in the vicinity of the predicted locations. In ad-
dition, the robust matching in the Gabor space also provides
an accurate and fast solution for tracking multiple facial fea-
tures simultaneously.

During tracking, in order to adaptively compensate for the
facial feature appearance changes, the Gabor wavelet coef-
ficients are updated dynamically at each frame to serve as
the tracking template for the subsequent image frame. This
updating approach works very well when no significant ap-
pearance change happens for each facial feature. However,
under the large face orientations in which an arbitrary profile
is assigned to the occluded feature during self-occlusions, as
well as the significant facial expressions in which the facial
feature appearance varies significantly, the tracker often fails.
Therefore, a shape-constrained correction mechanism is de-
veloped to tackle the above problems and to refine the track-
ing results. As a result, via our proposed technique, a set of
twenty-eight facial features can be detected and tracked ro-
bustly in real-time under significant appearance changes in
various facial expressions and face orientations.
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2 Facial Feature Representation
As shown in Figure 1, twenty-eight prominent facial features
around eyes, eyebrows, nose and mouth are selected to de-
tect and track in the face images. A set of multi-scale and
multi-orientation Gabor wavelets are applied to each facial
feature. Specifically, the set of utilized Gabor wavelets con-
sist of 60 Gabor kernels, including 10 spatial frequencies and
6 distinct orientations. Therefore, for each facial feature −→x ,
a Gabor coefficient vector J(−→x ) is derived as a set of 60 con-
volution results {Jj(−→x )} with the above 60 Gabor kernels.
This Gabor coefficient vector J(−→x ) can be used to represent
each facial feature −→x and its vicinity [9] efficiently. In our
proposed algorithm, the Gabor coefficient vector J(−→x ) is not
only used to detect each facial feature at the initial frame, but
also used during tracking.
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Fig. 1. A face mesh with facial features

2.1 Phase-Based Displacement Estimation
Given a facial feature at two consecutive image frames, a Ga-
bor coefficient vector J(�x) is extracted at the position �x in
the first image, while another Gabor coefficient vector J(�y)

is extracted at a different position �y = �x + �d in the sub-
sequent image frame, with the displacement �d = (dx, dy)T .
Since the position �x is in a small vicinity of the position �y, the
phase shift between Gabor coefficient vectors J(�x) and J(�y)

can approximately be compensated for by the term �d · �kj,
where �kj is the wave vector of each Gabor kernel. So the
phase-sensitive similarity function between these two Gabor
coefficient vectors can be expressed as:
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∑
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where each component in the Gabor coefficient vector J(�x)
is represented as Ji(�x) = mje

iφj , and each component in
the Gabor coefficient vector J(�y) is represented as Ji(�y) =
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j . To compute it, the displacement �d must be esti-
mated. This can be done by maximizing the similarity in
its second Taylor expansion:
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Therefore, by setting ∂
∂dx

S = 0 and ∂
∂dy

S = 0, the opti-

mal displacement vector �d can be estimated efficiently. As a

result, via the above displacement estimation technique, the
optimal position of each facial feature in a new image can
be estimated automatically, which dramatically speeds up the
displacement estimation processing and makes the real-time
implementation for multiple-feature tracking possible.

3 Facial Feature Detection
Our proposed algorithm starts with automatically detecting
these twenty-eight facial features in the initial image frames.
In essence, the proposed facial feature detection technique
consists of two steps: facial feature approximation and facial
feature refinement. The first step provides an approximated
location for each facial feature based on two detected eye
positions, which is then fine-tuned in the second step.

3.1 Facial Feature Approximation
After the face image is captured from a camera, a frontal face
is first localized via a trained Adaboost face detector [10].
Subsequently, based on the detected face region, the eye po-
sitions can be detected via a trained Adaboost eye detector
[10]. Once the eye positions are known, based on them, a
trained face mesh F as shown in Figure 2 (a) is resized and
imposed on the face image to estimate a rough position for
each facial feature. The face mesh F is obtained by taking
the mean face from a set of frontal faces that covers a variety
of different people. Since the deviation from the actual posi-
tion is usually small for each facial feature as shown in Figure
2 (b), its position can be further refined by searching around
its estimated position in the subsequent refinement step.

(a) (b) (c)
Fig. 2. (a) face mesh, (b) face image with approximated facial features, (c)
face image with refined facial features

3.2 Facial Feature Refinement
Given an approximated position �xe for a facial feature in the
face image, a Gabor coefficient vector J(�xe) is first com-
puted. Then, the nearest neighbor searching approach is uti-
lized to seek a most similar Gabor coefficient vector J

′

from
a training set by matching with J(�xe) in the Gabor space. In
order to obtain an effective training set for each facial feature,
a large number of frontal face images that include different
individuals, different lighting conditions and different facial
expressions were collected.

Once the most similar J
′

is selected from the training set
for each facial feature, it is utilized as a model to estimate a
new position �x

′

starting from the approximated position �xe

via the fast phase-based displacement estimation technique
proposed in Section 2.1. The above procedure repeats until
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the final estimated position �x
′

converges or the pre-defined
number of iterations exceeds. Finally, as shown in Figure
2 (c), the facial features can be located successfully via the
proposed facial feature detection technique.

4 Facial Feature Tracking
Once the facial features are located, they are tracked in the
subsequent image frames. The facial feature tracking, es-
pecially tracking a set of facial features simultaneously is a
crucial and difficult task. The appearance of the facial fea-
tures and their spatial relationship can vary significantly un-
der changes in facial expression and face orientation. There-
fore, tracking these facial features robustly is a tough issue.
However, we propose a novel facial feature tracking scheme
that can track them robustly under large head movements and
significant facial expressions. Specifically, it consists of three
stages, namely facial feature prediction, facial feature mea-
surement and facial feature correction.

During the facial feature prediction stage, Kalman filtering
is used to predict the position of each facial feature in a new
image frame from its previous locations. Subsequently, dur-
ing the facial feature measurement stage, a searching process
within an area centered at the predicted position is often used
to detect its optimal position. But when tracking a number
of facial features simultaneously, exhaustively searching for
each facial feature is very time-consuming. Instead, it is done
automatically via the proposed fast phase-based displace-
ment estimation technique described in Section 2.1. Hence,
the displacement

−→
d for each facial feature can be estimated

to obtain its position efficiently.
Once the facial features are located, a Gabor wavelet co-

efficient vector will be extracted and serve as the tracking
model in the subsequent image frame for each facial feature.
It is equivalent to updating the tracking model dynamically
in each image frame; hence, the appearance changes of each
facial feature in the image frames can be adapted. However,
since it does not have the ability to correct the possible er-
rors during tracking, errors may be accumulated over the im-
age frames such that the tracker will drift away eventually.
Therefore, in the next stage, a correction step is proposed
to eliminate the errors associated with each facial feature to
avoid drifting.

4.1 Facial Feature Correction
The proposed facial feature correction strategy consists of
two components: refining facial features and imposing shape
constraint. In the facial feature refinement component, the
technique discussed in Section 3.2 is utilized. Differently,
for each facial feature, a different training set is obtained by
extracting a set of Gabor wavelet coefficient vectors from a
large number of face images collected under various face ori-
entations, instead of frontal faces only. Then, the tracked
position of each facial feature is refined by matching with the
new training set in the Gabor space to eliminate the possible
errors caused by the appearance changes. By this way, the

accumulated tracking error can be eliminated in time during
tracking so that the drifting can be avoided.

However, the above procedure only works when the
tracked position does not deviate far from the actual position
for each facial feature, otherwise it may fail. Hence, a sec-
ond component is subsequently activated to impose the shape
constraints among the facial features to correct those obvious
geometry-violated ones that deviate far from their actual po-
sitions. It will be discussed briefly in the following section.

4.1.1 Imposing Geometry Constraints

So far, during tracking, the geometrical relationship among
the facial features has not been considered. In order to cor-
rect those geometrically violated facial features that devi-
ate far from their actual positions, the geometry constraint
among the detected facial features is imposed. However, in
practice, the geometry variations among all the twenty-eight
facial features under changes in individuals, facial expres-
sions and face orientations are too complicated to be mod-
elled. Therefore, we propose a simple but effective technique
to deal with this issue. Basically, the proposed technique is
divided into two steps: face pose estimation and geometry
constraint imposing.

In the first step, the face pose information is estimated
from a set of tracked facial features. Specifically, in order
to minimize the facial expression effect, only a set of rigid
facial features that do not move significantly under facial ex-
pressions are selected, which include four eye corners and
three nose points as shown in Figure 1. In addition, the 3D
face model composed of these seven facial features is first
initialized from a generic 3D face model, which is subse-
quently adapted to a new individual automatically via the use
of a frontal face image. Finally, based on the personalized 3D
face model and these seven tracked facial features in a given
face image, the face pose can be estimated efficiently under
the assumption of weak-perspective projection model.

Given the estimated face pose information, the face pose
effect can be eliminated from the tracked twenty-eight 2D
facial features. Subsequently, the geometry constraint is im-
posed on the pose-eliminated 2D facial features to correct the
geometrically violated ones. By this way, only the geometry
variation under the frontal view needs to be learned, which
can be done effectively using a statistical shape model via
Principal Component Analysis (PCA) technique.

Specifically, a frontal face shape model is built from a
set of face shape samples Qi extracted from a large num-
ber of frontal faces with various facial expressions using the
PCA analysis technique, obtaining a mean face shape vector
Qmean and a set of k basis face shape vectors {Qj , 1 ≤ j ≤
k}. Usually, the number k is much smaller than the dimen-
sion of the face shape vector Q. As a result, given a face
shape vector Qi composed of the twenty-eight tracked facial
features from a face image, the global geometry constraint
among the facial features can be imposed by Qi − Qmean ≈
Φb, with Φ = (Q1, ..., Qk) and b is a coefficient vector given
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by
b = Φ+(Qi − Qmean) (3)

where Φ+ is the pseudo-inverse of the matrix Φ. After the co-
efficient vector b is obtained, the geometry-constrained face
shape vector Q

′

i is represented as Q
′

i = Qmean + Φb.
Via the proposed method, normally, the obvious geometri-

cally violated facial features that deviate far from their actual
positions can be corrected efficiently.

5 Experiment Results
The proposed facial feature detection and tracking technique
is implemented using C++ on a PC with a Xeon (TM)
2.80GHz CPU and a 1.00GB RAM. The resolution of the
captured images is 320 × 240 pixels, and the built facial fea-
ture tracking system runs at approximately 26 fps. When a
person is sitting in front of the camera, it can detect and track
twenty-eight facial features automatically. Figure 3 shows
the facial feature tracking results on a typical face image se-
quence that contains significant changes in both facial ex-
pression and face orientation.

Fig. 3. The randomly selected face images with tracked facial features.

In order to evaluate the accuracy of the proposed facial fea-
ture tracking algorithm, ten face image sequences with sig-
nificant changes in facial expression and face pose were col-
lected. In each sequence, twenty-eight facial features were
detected and tracked automatically by the proposed facial
feature tracker. In addition, the positions of these facial fea-
tures at each frame were also manually located for each se-
quence, serving as the ground truth during the error compu-
tation.

Figure 4 illustrates the computed absolute position errors
for the facial features tracked by the proposed facial fea-
ture tracker. Specifically, Figure 4 (a) and (b) summarize
the computed mean and standard deviation of the absolute
position errors for each facial feature in the X-direction and
Y-direction respectively, where the mean is represented by
the middle value of each error bar and the standard devia-
tion is indicated by the half length of the error bar. In the
X-direction, the average mean and standard deviation of the
computed position errors for all the twenty-eight facial fea-
tures is 1.66 pixels and 0.89 pixel, respectively. While in
the Y-direction, the average mean and standard deviation of
the computed position errors for all the twenty-eight facial

features is 1.85 pixels and 0.71 pixel, respectively. Since
the original face image resolution is 320 × 240 pixels, it
shows that the position errors of the tracked facial features
are small enough for most applications including facial ex-
pression recognition and facial animation.

(a) (b)
Fig. 4. The computed position errors for each facial feature: (a) in the
X-direction; (b) in the Y-direction

6 Conclusion
In this paper, we present a robust real-time technique to de-
tect and track twenty-eight facial features in the video se-
quences with significant changes in both facial expression
and face orientation. The improvements over the existing
facial feature detection and tracking algorithms result from:
(1) a dynamic and accurate model updating strategy for each
facial feature to eliminate any tracking error accumulation;
and (2) an efficient approach of imposing the global ge-
ometry constraints among the facial features to eliminate
any geometrical violations. With the use of these combina-
tions, the accuracy and robustness of the facial feature tracker
reaches a practical acceptable level. Subsequently, based on
the tracked facial features, numerous applications including
facial expression analysis and face animation can be per-
formed.

References
[1] L. Wiskott, J. M. Fellous, N. Kruger, and C. V. Malsburg, “Face recog-

nition by elastic graph matching,” IEEE Transactions on PAMI, vol.
19, no. 7, 1997.

[2] Z. Zhang, “Feature-based facial expression recognition: Experiments
with a multi-layer perceptron,” in Technical Report INRIA 3354, 1998.

[3] X. Wei, Z. Zhu, L. Yin, and Q. Ji, “A real-time face tracking and
animation system,” in IEEE Workshop on FPIV, 2004.

[4] M. Burl, T. Leung, and P. Perona, “Face localization via shape statis-
tics,” in International Conference on AFGR, 1995.

[5] K. Toyama, R. S. Feris, J. Gemmell, and V. Kruger, “Hierarchial
wavelet networks for facial feature localization,” in International Con-
ference on AFGR, 2002.

[6] M. J. Reinders, R. W. Koch, and J. Gerbrands, “Locating facial features
in image sequences using neural networks,” in International Confer-
ence on AFGR, 1996.

[7] T. F. Cootes, G. J. Edwards, and C. J. Taylor, “Active appearance
models,” in ECCV, 1998.

[8] W. S. Cooper, “Use of optimal estimation theory, in particular the
kalman filter, in data analysis and signal processing,” Rev. Sci. Instru-
ment, vol. 57, no. 11, pp. 2862–2869, 1986.

[9] T. S. Lee, “Image representation using 2D gabor wavelets,” IEEE
Transactions on PAMI, vol. 18, no. 10, pp. 959–971, 1996.

[10] P. Viola and M. Jones, “Robust real-time object detection,” IJCV, vol.
57, no. 2, pp. 137–154, 2004.

Proceedings of the 18th International Conference on Pattern Recognition (ICPR'06)
0-7695-2521-0/06 $20.00  © 2006



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f300130d330b830cd30b9658766f8306e8868793a304a3088307353705237306b90693057305f00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /FRA <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU <FEFF005500730065002000740068006500730065002000730065007400740069006e0067007300200074006f0020006300720065006100740065002000500044004600200064006f00630075006d0065006e007400730020007300750069007400610062006c006500200066006f007200200049004500450045002000580070006c006f00720065002e0020004300720065006100740065006400200031003500200044006500630065006d00620065007200200032003000300033002e>
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


