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HUMAN FACE AND FACIAL FEATURE TRACKING
BY USING GEOMETRIC AND TEXTURE MODELS
Ján Mihalı́k — Miroslav Kasár

∗

This paper deals with the tracking system of the human face and facial feature based on the human face texture model
combined with an algorithm for adaptation of the wireframe 3D model Candide-3 to the human face images. The human
face texture model is represented by a set of eigenfaces which are obtained by means of the principal component analysis of
the training set of completely preprocessed textures. The algorithm for adaptation of 3D model needs a reasonable starting
approximation and an update matrix calculated from the training set by manual deviation of 3D model for single components
of the parameter vector. The designed tracking system was tested on a real videosequence with various conditions and for
adaptation of 3D model both global motion parameters and animation parameters of the mouth were used.
K e y w o r d s: tracking, 3D model, Candide-3, human head, global motion parameters, animation parameters, update
matrix, estimation

1 INTRODUCTION

The human face and facial feature tracking is one of
the basic tasks in model-based video coding [1, 2]. Modelbased video coding gives a high efficiency for coding of
videosequences at very low bit rates. At the present time
a number of tracking systems exist which are divided into
two basic classes: attribute-based (or feature-based) [3]
and template- based (or example-based) [4] systems. The
presented tracking system is ranked among the templatebased system, which is robust but computationally demanding.
The designed tracking system is based on the human
face texture model (HFTM) combined with an algorithm
for adaptation of the wireframe 3D model Candide-3 to
the human face images. HFTM is obtained by applying
the principal component analysis (PCA) to the training
set of completely preprocessed textures which are geometrically and energically normalized. The adaptation algorithm is based on an automatic updating of the parameter vector by the residual image and the update matrix
calculated from the gradient matrix.

The wireframe 3D model Candide-3 [8] provides several animation units (AU) to control not only the global
but also local motion of the features (mouth, eyes, nose)
of the human face. In this paper the global motion controlled by 6 global motion parameters (GMP) and the local motion of the mouth by 4 animation parameters (AP)
of corresponding AU are shown. In chapter 2, obtaining of a completely preprocessed texture and construction of HFTM are described. The adaptation algorithm
of 3D model to the human face in the frames of the input
videosequence is presented in chapter 3 and in chapter 4
calculation of the update matrix is described. Finally, in
chapter 5 tracking experiments are presented.

2 HUMAN FACE TEXTURE MODEL

Using HFTM [5] it is possible to represent the human
faces inside or outside of the training set and for its construction the human face images with the adapted 3D
model Candide-3 (Fig. 1b) are required. Afterwards, geometrical and energical normalization of the human face

Fig. 1. a) Original image of human face, b) adapted 3D model, c) standard shape with texture, d) geometrically normalized texture,
e) relevant part of the geometrically normalized texture
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3 ADAPTATION OF 3D
MODEL TO HUMAN FACE

The designed tracking system of the human face and
of its features is based on HFTM combined with an algorithm for adaptation of the wireframe 3D model Candide3 [8] to the human face in the frames of the input
videosequence. The geometry and motion of 3D model
are parametrized by the parameter vector
⊤

⊤

p = [g, z, w] = [Θh , Θv , Θr , s, th , tv , z, w] ,

Fig. 2. (top) Set of 38 completely preprocessed textures, (bottom)
HFTM with 38 eigenfaces

Fig. 3. (from left) Input image with well (top) and wrong (bottom)
adapted 3D model, the image mapped onto 3D model, texture j(p)
from the frame, synthesized texture x(p) , residual image r(p)

images are carried out to remove the texture variations
caused by their global and local motion and the geometrical differences between individuals. Geometrical normalization is a nonlinear transformation [6] which warps the
source human face image with the adapted 3D model
Candide-3 to the standard shape of 3D model with a given
scale (Fig. 1c,d). After obtaining the geometrically normalized texture it is important to select its relevant part
which contains the most important features of the human
face like eyes, lip, nose, etc. Figure 1e shows the relevant
part of the normalized texture of the human face.
Before applying PCA to the relevant parts of geometrically normalized textures it is necessary to minimize the
effect of global lighting variation by their centring and energical normalization. In such a way, completely preprocessed textures are obtained and next, by applying PCA
[7] to the training set of them, the HFTM is designed.
For illustration, Fig. 2 shows the completely preprocessed textures from the training set of 38 human faces.
The training set was obtained by decimation with a factor
of 4 of the frames of the videosequence “Miss America”
In the same figure HFTM with 38 eigenfaces calculated
by the above procedure is shown.

(1)

where g is the vector of the global motion parameters,
z and w are the vectors of the shape and animation
parameters, respectively.
Adaptation of 3D model to the human face assumes
that its reasonable starting approximation is known.
Then an optimal adaptation of 3D model in the frames
with the human face means to find the parameter vector p that minimizes the distance measure. As an initial
vector for the actual frame the parameter vector p is
used that adapts 3D model in the previous frame of the
videosequence assuming that the motion of the human
face from a frame to the successive one is small enough.
The summed squared error (SSE) between the synthesized texture and the texture of the human face from the
frame is chosen as a distance measure. The texture from
the frame is acquired in the same way as at the construction of HFTM [5]. It will be denoted as j(p) because it
responds to the parameter vector p. The synthesized texture will be denoted as x(p) and it is acquired from the
texture j(p) by HFTM. The residual image is given as
r(p) = j(p) − x(p)

(2)

e(p) = kr(p)k2 ,

(3)

and SSE
which means that it is the square value of the Euclidean
norm of r(p). Then corresponding peak signal/noise ratio
(PSNR) is defined as follows
P SN R = 10 log

2552
,
e(p)/n

(4)

where n is the number of pels of the residual image r(p).
Figure 3 shows the textures j(p), x(p) and the residual
images r(p) for the human faces images (frames) with the
well and wrong adapted 3D model. There is visible from
the residual image r(p) that textures j(p) and x(p) are
more different for the wrong adapted 3D model, when
SSE is bigger in this case.
The goal is to find the parameter vector p that minimizes r(p) and e(p). After calculating r(p) and e(p) for
the given p, the update vector ∆p is found by multiplying the residual image with an update matrix A
∆p = Ar(p) .

(5)
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Table 1. The selected step h and the minimum and maximum values of j th column of R for the single parameters

h
Min Rj
Max Rj

Θh
Θv
Θr
s
th
tv
AP1 AP2 AP3 AP4
0.0026 0.0026 0.0174 2.5
0.5
0.5 0.05 0.02 0.05 0.05
−61.8 −45.3 −8.7 −0.05 −0.3 −0.3 −0.8 −2.7 −1.6 −0.9
91.7
56.6
13.6
0.05
0.2
0.5
1.9
3.8
1.6
1.3
Estimation of the gradient matrix R is obtained in
such a way that single components of the parameter vector p are manually perturbed for the adapted 3D model
in the human faces images of the training set. The j th
column of R denoted as
Rj =

Fig. 4. a) The gradient matrix R , b) the transposed update matrix
A , after back converting of their columns into 2D images of the size
40 × 42 pels

The update vector ∆p is a vector of little changes that
gives a probable direction in the search space and the new
SSE is calculated as follows
e′ = e(p + ∆p) .

(6)

If e′ < e, the parameter vector p is updated accordingly
p + ∆p → p

(7)

and the algorithm for adaptation of 3D model is based on
the iteration procedure of (5) to (7) until the convergence,
when e′ > e. The magic of this is the update matrix A
[9] that is created in advance by the training human face
images with 3D model correctly adapted.
4 ESTIMATION OF DATA GRADIENT
MATRIX FROM TRAINING DATA

Assuming that r(p) is linear in p, that is
∂r(p)
= R,
∂p

(8)

where R is the constant gradient matrix, it can be written
r(p + ∆p) = r(p) + R∆p .

(9)

Given a p, the optimal ∆p is found, that minimizes
e(p + ∆p) = kr(p) + R∆pk2 .

(10)

The least square solution [10] is
∆p = − R⊤ R

−1

R⊤ r(p) ,

(11)

which gives the update matrix A as the negative pseudoinverse of the gradient matrix R , ie
A = −R∗ = − R⊤ R

−1

R⊤ .

(12)

∂r(p)
∂pj

(13)

can be estimated using differences
Rj ≈

r(p + hqj ) − r(p − hqj )
,
2h

(14)

where h is a suitable step and qj is the vector with all
components equal zero expect for j th component that
equals one. By averaging over all N human face images
with the adapted 3D model from the training set and for
the suitable number K of the step multipliers, the final
estimate of Rj is
Rj ≈

N K
1 X X r(pn + khqj ) − r(pn − khqj )
. (15)
N K n=1
2kh
k=1

Thereby Rj is estimated for all components of the
vector p and together create the gradient matrix R from
which the update matrix A is calculated by eq. (12).
From the training set of 38 human face images their
completely preprocessed textures (N = 38 ) of the size
40 × 42 pels were obtained (Fig. 2). These were converted into 1D column vectors of the size 1441 × 1
(without black fields).
 Next 6 global motion parameters
(Θh , Θv , Θr , s, th , tv [11] and 4 animation parameters of
the mouth (AP1 — upper lip raiser, AP2 — jaw drop,
AP3 — lip stretcher, AP4 — lip corner depressor) [12]
were used. For each human face image with the adapted
3D model in the training set every parameter has been
perturbed, in the range < −Kh, Kh > , where K = 10
and h is a suitable step experimentally selected for them
as can be seen in Tab. 1. For all perturbed parameters
the corresponding completely preprocessed textures have
been obtained and consequently they were approximated
by HFTM. Afterwards 20 × 10 × 38 = 7600 residual images have been calculated and used for estimation of the
gradient matrix R according to eq. (15). Finally from R
by using eq. (12) the update matrix A was calculated.
When the parameter vector contains all 10 parameters (GMP and AP), the gradient matrix R has the size
1441 × 10 and the update matrix A 10 × 1441 . The minimum and maximum values of j th column of the gradient
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Fig. 5. Results of the adapted 3D model for the perturbed parameters GMP + AP and iterations 1, 2, 3, 8

Fig. 6. PSNR of the final texture for all 4 cases

Table 2. Number of iterations, PSNR and SSE in dependence on
the perturbed parameters

Perturbed parameters Iterations PSNR SSE
GMP
8
70.36 0.764
AP
7
80.45 0.002
GMP + AP
8
70.66 7.17

Table 3. PSNR and the minimum and maximum values of the
residual image r(p) for the perturbed parameters GMP + AP and
iterations 1, 3, 8

Iteration
1
3
8

PSNR
52.21
57.86
70.66

min r(p)
−2.314
−2.181
−0.6186

max r(p)
2.4049
1.5595
0.6813

matrix R can be seen in Tab. 1. Then the update matrix
A has the minimum value −1.6158 and the maximum
one 1.1233 .
Figure 4 shows the back converted columns of the
gradient matrix R and of the transposed update matrix
A into 2D images of the size 40 × 42 pels. In the case,
when the parameter vector contains only 6 global motion
parameters, the gradient matrix R will have the size
1441 × 6 and the update matrix 6 × 1441 .

5 TRACKING EXPERIMENTS

The tracking experiments were carried out, if the designed tracking system was applied to an image from the
training set with a good adapted 3D model. Then 3D
model was perturbed manually from the optimal position
and consequently it was adapted using HFTM with 38
eigenfaces and the described adaptation algorithm (chapter 3). In the first case only global motion parameters
were perturbed, in the second one only animation parameters of the mouth, and in the third one both global
motion and animation parameters were perturbed. Table 2 shows the number of iterations which are required
for repeated adaptation of 3D model, PSNR and SSE of
the texture calculated for the finally adapted 3D model
compared to that one for its optimal position. In Tab. 3
there are PSNR, the minimum and maximum values of
the residual image r(p) computed according to eq. (2) for
the third case. Figure 5 shows the results of adaptation
of 3D model for the same case and some iterations.
As it can be seen from Fig. 5, deviation of 3D model
was big enough and therefore the number of iterations for
its final adaptation is big, too. On the other side in the
real videosequences the distinctions between successive
frames are far less and therefore the number of iterations
reduces (mostly less than 4). The final precision of the
adaptation was satisfactory in all cases.
Next the designed tracking system was applied to
the videosequence “Miss America” with the frame rate
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Fig. 7. The number of iterations for the second case (38 eigenfaces,
GMP + AP)

30 Hz and 150 frames of the size 288 × 352 pels. Afterwards, totally 4 cases of tracking with various conditions
were realized. In the first case HFTM with all 38 eigenfaces was used and the parameter vector p contained
only the global motion parameters (Θh , Θv , Θr , s, th , tv ).
3D model Candide-3 was manually adapted in the first
frame of the videosequence by changing the global motion parameters and the static shape parameters [13].
Then the parameter vector p containing GMP was iteratively optimized for each frame. In the second case
HFTM with all 38 eigenfaces was used but the parameter vector p contained both the global motion parameters (Θh , Θv , Θr , s, th , tv ) and the animation parameters
(AP1, AP2, AP3, AP4) of the mouth. 3D model was
again manually adapted in the first frame of the videosequence by changing of the global motion and animation
parameters of the mouth and the static shape parameters. The parameter vector p containing GMP and AP
was then iteratively optimized for each frame. The third
and fourth cases are similar to the previous ones except
for that HFTM does not use all 38 but only 10 eigenfaces
corresponding to the largest eigenvalues.
In Fig. 6 there are graphs of PSNR of the final textures from the single frames for all 4 cases. As can be seen,
PSNR increases by addition AP to GMP, because the accuracy of adaptation increases. In the cases when only 10
eigenfaces are used, PSNR decreases opposite the cases
with 38 eigenfaces. This is caused by an error which occurs at obtaining of the synthesized texture by using not
all eigenfaces. Figure 7 shows the number of iterations
which are necessary for adaptation of 3D model consequently in the following frames for the second case (38
eigenfaces, GMP + AP). Mostly less than 4 iterations
are necessary but when the distinction between successive frames is bigger, the number of iterations increases
and it is valid for all 4 cases. The achieved results were
satisfactory and the resulting head model adaptation for
the second case is shown in Fig. 8. From this figure it
follows that the global adaptation (rotation, scale, translation) is very good and the animation parameters of the
mouth affect the local adaptation very well.

At the construction of HFTM, 3D model Candide-3 is
adapted to the human face image with semi-automatic
method, where at the end some vertices of 3D model
are manually adjusted and so the optimal position of
3D model is obtained. After manual perturbation of 3D
model from the optimal position and the following adaptation by the designed tracking system closest to this
optimal position, the relevant part of the geometrically
normalized texture is similar to those ones, from which
HFTM was obtained.
At the adaptation of 3D model Candide-3 to the human face from the videosequence, in the first frame 3D
model was adapted automatically by the shape units
without further manual correction [13] and therefore the
adapted 3D model is not fully optimal. The adaptation
of 3D model in next frames is obtained from the adapted
3D model in the previous frame by the animation units.
Then the relevant parts of the geometrically normalized
textures from the adapted 3D models are less similar to
those ones, from which HFTM was obtained.
Therefore PSNR of the final textures for all 4 cases
(Fig. 6) obtained at the adaptation of 3D model to the
human face in the frames of the videosequence by the
designed tracking system is smaller than PSNR of the
final texture obtained at the perturbation of 3D model
from the optimal position and consequently after its adaptation by the designed tracking system (Tab. 2). Even
though the adaptation of 3D model to the human face
in the frames of the videosequence is good enough and
the designed tracking system is suitable for using in the
model-based videocoding.
6 CONCLUSION

The designed tracking system worked correctly what
is seen from the achieved results. The deviation of 3D
model was set up bigger for the human face image from
the training set compared to that one between successive
frames of the videosequence. Even though adaptation of
3D model was satisfactory for the image, as can be seen
from Tab. 2 (PSNR is big, SSE is small), the big deviation
needs using more iterations (8 iterations).
If the tracking system was applied on the videosequence, the adaptation of 3D model is done consequently
in its frames by using less number of iterations (Fig. 7).
Almost never all 38 eigenfaces are necessary, 10 eigenfaces are enough in HFTM (PSNR decreases about 1 dB).
The tracking with parameter vector p, containing both
GMP and AP of the mouth, is more accurately than the
tracking without AP of the mouth (Fig. 6) what proves
the significance of the animation units of 3D model. The
number of iterations was similar for all cases and seldom
was bigger than 4.
The designed tracking system based on the HFTM
combined with the algorithm for adaptation of the wireframe 3D model Candide-3 can track the human face and
facial features in the head-and-shoulder videosequences.
In standard videocodec MPEG-4-SNHC [14] the designed
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Fig. 8. The tracking results for the second case (38 eigenfaces, GMP + AP), (every 30th frame is shown)

system can be an important part for the model-based
video coding of the videosequence with very low bit rate.
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