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Abstract

This paper consider the problem of video content adaptationfor the teleconference application in a heterogeneous
network communication system. Due to the diversity of content providers and content consumers in the network,
the content of the network transportation is often preferred to be adaptive for both efficiency and reliability in
the communication. The video content adaptation could be achieved by using normal video codec when network
transmission is smooth and switching to a very low bit rate Model based coding (MBC) codec when network
congestion happen. An inevitable step of this switching is the initialization of the MBC, that is, to fit a genetic
face model onto the first video frame. This paper revised the Analysis-by-synthesis(ABS) approach used in
many vision based tracking problems and report our strategyof implementing the initialization using an ABS
approach. A perturbation based global optimization algorithm, Simulated annealing (SA) is examined within the
ABS framework. Problems are identified and different ways are studied, promising performance results of our
suggested approach are reported.
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1 Introduction

The recent development in Internet multimedia communication enter a ”boosting” period. Huge diversity of
different types of contents and consumer terminals emergedin the past decade. These led to the popular topic
of Universal Multimedia Access (UMA)[20, 22] which refers to the ability of allowing seamless access to all
types of multimedia content for different users on different terminal devices. The central problem for UMA is
the content adaptation, which refers to adapting multimedia content according to users needs and their terminal’s
capability, such as storage capacity, calculation power and device display size. Depending on the criteria used for
adaptation, the content adaptation could take different forms, such as data prioritization [23], content transcoding
[16] and summarization [8].

In this work we target at a common Internet teleconference application, a basic system configuration for our
discussion is shown in Fig. 1, where there are three main component, content provider, content consumer, and
third party agent, which could be a content dealer, a base station, or simply a router. A sawtooth pattern in
between shows the typical TCP traffic pattern among them [1].The sawtooth traffic pattern indicate the necessity

Content 
Provider 

Third Party 
Agent 

Content 
Consumer 

Figure 1: Basic system configuration, the sawtooth pattern show the typical TCP traffic pattern.

of adaption to guarantee the quality of service (QoS). For video transmission, data prioritization could be used to
provide error resilience. Another straight forward way is to simply change codec according to available traffic.
For example, when traffic bandwidth is high, the normal videocodec such as a H.26x code could be used, when
traffic bandwidth is very small, the Model based coding is used instead.

Model-based coding (MBC) is a promising video coding technique targeted for very low bit rate video trans-
mission [12][24][3][17]. The idea behind this technique isto parameterize a talking face based on a 3D face
model. Parameters describing facial movements and textureinformation are extracted at the transmitter side.
The extracted parameters are then sent to the receiver to reconstruct the talking head. Very high compression is
achieved since only high-level, semantic motion parameters are transmitted.

The above mentioned adaption of the video codec could in general be implemented in two ways. One way
is to let the content provider to encode all the video contentin both H. 26x and MBC codec and combined the
streams in different priority. The end users at the decodingside can chose which decoder codec to use according
to the received streams. Fig. 2 shows this method. The advantage of this method is that it is simple to implement,
the disadvantage is that due to the traffic changing, it is hard to maintain the QoS for the end users. The advantage
of this method is that it is simple to implement, the disadvantage is that due to the traffic changing, it is hard to
maintain the QoS for the end users.

The other method is shown in Fig. Fig. 3 shows this method. Thethird party agent does the major adaption
task in this case. The advantage is that this method release the provider’s burden, and the third party agent is
assumed to be closer to the end users and thus could response quickly with respect to the traffic changing and
could provide better QoS, but it is more complicated compared to the first method. In this work, we chose to
work with the second method.

In order to switch to MBC, one inevitable step is the initialization. Motion analysis of the talking head is
the key technique in a MBC system, which is also referred as face tracking in literatures. Face tracking with a
monocular camera has been recognized a hard computer visionproblem, which has attracted a lot of researchers
from both the computer vision community and the image codingcommunity working on it. Although there are

1



DML Technical Report: DML-TR-2003:4

Provider 

H.26x 

MBC 

Consumers 

Third Party 
Agent 

Figure 2: Video codec adaption scheme one, the provider encode the video with both H. 26x and MBC codec,
the end users adapt decoder according to received streams.
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Figure 3: Video codec adaption scheme two, the provider onlyencode the video with H. 26x, the third party do
the MBC coding when necessary for end users.

no completely working solutions for this problem yet, the 3Dwireframe model-based face tracking technique has
been accepted as the most promising solution. The key idea isthat a generic 3D geometric face model is used to
”regularize” facial motion estimation [18], [14], [5]. Technically, this kind of facial motion analysis technique is
implemented in two stages: initialization and successive tracking.

Initialization is the process of fitting a generic 3D face model to a target face in the first video frame. In the
successive tracking stage, the face model is made to follow the moving head by automatically recovering the face
position and the facial expression from each frame in the video sequence. Although they somehow have a similar
goal: fitting a face model to a face. Initialization is more difficult than successive tracking: no prior knowledge
about the face and its motion is available. This has been reflected from the literatures: very few papers are talking
about the initialization problem. In the most MBC works, themodel-fitting problem is either intentionally ignored
or is handled manually [11], [2]. Unfortunately, we cannot stay away from the initialization problem since it is
the first step for the tracking. Without a good solution of initialization, it is impossible to build a complete model-
based coding system. In this paper we revisit the initialization problem and explore new strategies to handle this
problem. For the sake of convenient discussion, the task of initialization is explicitly defined here: to fit a generic
3D wireframe model to a target face, as shown in Fig. 4.
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P
P’

Figure 4: The initialization step: fit a generic 3D model ontoone face.

2 Pseudo-automatic scheme for initialization

The initialization process is depicted in Fig. 4. LetP denote a vertex point of a generic wireframe model, and
P′ denote the corresponding point on the target face. The transform from P to P′ could be modelled as a local
transform followed by a global transform.

P′ = G(L(P)) (1)

The local transform,L, deforms and maps the generic wireframe to the target face. The local transform is
depended on the anatomic facial structure and appearing facial expression. Obviously, the local transform is
person-dependent and physically a non-rigid transform. Applied by the local transform, the generic wireframe
will be mapped into a personal wireframe. The global transform G specifies how a personal wireframe is trans-
formed to fit a posed face. The global transform can be fully described by a 3D rotation followed by a 3D
translation [18]. The initialization task is to compute these two transformsG andL.

Two approaches have been often used in literature to handle the initialization problem: 1) manual fitting, 2)
automatic fitting. In the manual fitting approach, normally the user either drags and pulls a generic wireframe to
fit a face, or marks several key facial feature points with an interactive tool and then uses an automatic mapping
function to do the fitting. For the automatic fitting, two wayshave been tried: explicit fitting and implicit fitting.
In an explicit fitting, facial feature points are defined first. The most commonly used facial feature points are
those defined in MPEG-4. Note most facial wireframe models are also specified with those points. To do a
fitting these feature points have to be detected and recognized automatically. The localized points are then used
to compute the transformsG andL. By contrast, a different strategy is used in an implicit fitting. Instead of
detecting feature points, the fitting is done by maximizing the ”faceness” of the face captured by the deformed
wireframe model [2]. Deformation of the generic wireframe model is fully controlled by the transformsG andL.
Optimal transforms are selected when the faceness reaches the maximum.

Although an automatic fitting is highly desirable, difficulties from the real world, like, illumination, camera
noise, facial expression, complex facial appearance, etc.make it extremely hard to develop a fully automatic
fitting technique that works for all people at all the time in all situations. This is why manual fitting still dominates
the initialization processing today. Drawbacks with the manual fitting approach to initialization are 1) the user
has to be provided with an additional interactive program for model fitting and the user has to be familiar with
such interaction, which will greatly limit the group of users. 2) automatic coding or tracking is impossible if any
manual operation is needed when to start such an automatic process. We thus have to accept the fact that fully
automatic fitting is very hard and certain human intervention is inevitable. The key lies in when and how human
intelligence needed for fitting is integrated into an automatic system.

Unlike conventional approaches, we distinguish application from initialization. A typical application stage
consists of fitting and tracking. Depending on which type of fitting, automatic fitting or manual fitting, is inte-
grated with automatic tracking, one normally divide a tracking system into: automatic system and semi-automatic
system. With the traditional thinking, one has to make a choice between automatic fitting and manual fitting for

3



DML Technical Report: DML-TR-2003:4

initialization. Here we suggest a new strategy to do initialization, Pseudo-automatic fitting, which includes both
automatic fitting and manual fitting. Necessary human knowledge on fitting is manifested in manual fitting, which
is done in offline work. In real application, no human intervention is need and only automatic fitting is adopted
Therefore, from application point of view, this is a fully automatic system. Since it is done offline, manual fitting
can be done by the user self and also by third parties, which can solve the problem of demanding on technical
skill of the user.

Tracking

Manual

fitting

Auto

fitting

Initialization Tracking

(a)

(b)

(c)

Offline work Application

Auto

fitting

Manual

fitting

Tracking

Tracking

Fully automatic 

solution

Semi-automatic
solution

Pseudo-automatic

solution

Figure 5: Different initialization scheme.

Fig. 5 shows the difference in the use of fitting in a face tracking system. The significant point with our
pseudo-automatic solution is that initialization is extended to include an offline work where manual fitting is
carried out. The initialization is transferred into a new technical problem: how to synchronize manual fitting with
automatic fitting. Initialization is performed in two stages: Manual Fitting: From the template image, a frontal-
view face image of the user, numerous facial feature points are selected and localized. A generic 3D wireframe
model is fitted to the face. The fitting operation can be done manually by the user or third parties. After fitting
the generic wireframe is deformed into a personal wireframe. Automatic Fitting: During the application process,
the defined facial feature points are detected and localizedfrom the face of the user appearing in the first frame
of video. Change in spatial coordinates of the facial feature points can be modelled as

Q′ = Gp(Lp(Q)) (2)

whereGp,Lp represent the global and local transform for the personal wireframe, andQ,Q′ represent the same
point appearing in the template image and the first frame. Nowthe initialization problem is solved by using the
personal wireframe created in the manual fitting stage and applying Gp,Lp on the personal wireframe. Since
we have same face object for the fitting task, it becomes a problem of estimating 3D motion through the given
template image and the input first frame with known 3D model. The traditional 3D motion estimation through
two view (frame) are performed within either two consecutive frames or two images got from stereo vision (two
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images from two different camera at the same time). In our case, the input are two images taken under different
conditions including time,illumination, pose, etc. It is helpful to investigate how traditional analytical approach
treat the problem and deduce out approach for solving the initialization problem.

3 3D motion estimation through two view

To estimate 3D motion through two consecutive frames has long history in computer vision community. Two
major representative solution is the ”exact methods” and the ”approximation method”, our derived approach
follows the ”approximation method”.

Let s = (x,y,z)T denote a 3D vertex point of a generic wireframe model, ands′ = (x′,y′,z′)T denote the
corresponding point on the target face. For the nonrigid facial motion, the change froms to s′ could be written as
[18]:

s′ = Rs+T+Ds (3)

whereR is called rotation matrix,T is the translation matrix,D is a deformation matrix which describe the non-
rigid facial motion caused by expression. It is known that any facial expression can be analyzed into a weighted
linear combination of a set of typical Action Units, thus theDs term in Eq. 3 could be written as

Ds = E (4)

where is the vector ofm facial expression parameters as described in Action Unit (AU). The 3×m matrix E
determines how a certain points is affected by .

E =





e11 e12 · · · e1m

e21 e22 · · · e2m

e31 e32 · · · e3m



 (5)

Let p = [φ1,φ2, ...,φm,Ωx,Ωy,Ωz,Tx,Ty,Tz]
T denote then×1motion parameter vector (n = m+6), whereφi

are expression vector,Ωx,Ωy andΩz are angular velocities about thex,y andz axis respectively,Tx,Ty,Tz are the
three translation velocities alongx,y andzaxes. Suppose the geometry projection from the 3D space ontothe 2D
image plane is perspective projection and the focal length is 1. The optical flow field(u,v) induced by the 3D
motion of the face is [18]:

u = x′−x
= 1

z

∑m
i=1(e1i −xe3i)φi +xyΩx− (1+x2)Ωy +yΩz−xTz

z + Tx
z

=
∑i=n

i=1(cui pi)

(6)

v = y′−y

= 1
z

∑m
i=1(e2i −xe3i)φi +(1+y2)Ωx−xyΩy +xΩz−yTz

z +
Ty
z

=
∑i=n

i=1(cvi pi)

(7)

Note here the depthz is known if using an known 3D model such as the Candide model. The recovery of
3D motion from(u,v) is thus a linear problem. [18]suggest two different solutions for solving the 3D motion
parameters for the small motion case and large motion case respectively. For the large motion case, the suggested
solution is the Analysis-By-Synthesis (ABS) solution. ABShas been used intensively in many problems and the
idea could root in DPCM.
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Figure 6: Warping process.

4 ABS principle in analytical method

In order to estimate the parameterp, it is possible to warp a template imageI0 according to the guessed parameter
p, thussynthesizean imageI0(W(x;p)). An error function is then defined to evaluate the discrepancy between
the warped imageI0(W(x;p)) and the input imageIt(X):

E(p) =
∑

x

[It(x)− I0(W(x;p))]2 (8)

Let
e = It(x)− I0(W(x;p)) (9)

denote the error image. The goal is toanalyzethe motion parameterp which minimize the error function, thus
comes the name ”Analysis-by-synthesis”. The ”warping” functionW(x;p) is the transform specified in Equations
(6) and (7). The ”warping” process is in fact the ”texture mapping” in graphics literatures an is depicted in Fig.
??. Since the pixel valuesI(x) are in general non-linear inx),the problem is in general a non-linear optimization
problem. The widely used method for solving this problem is through an iterative way. Suppose the initial guess
of the parameter at timet is known aspt, instead of try to solvep directly, the iterative method try to solve the
increment to the parameter∆p, thus the following expression is minimized with respect tothe parameter∆p:

∑

x

[It(x)− I0(W(x;p+ ))]2 (10)

the parameters are updated:
pt+1 = pt +∆p. (11)

The key is then how to find the∆p in each iteration. A typical method is to use the Gauss-Newton gradient
descent algorithm to solve this problem. The non-linear eq.( 10) could be linearized by perform a first order
Taylor expansion onI0(W(x;p+ )):

∑

x

[It(x)−∇I0
∂W
∂p

∆p− I0(W(x;p))]2 (12)

the∇I0 = ( ∂I0
∂x , ∂I0

∂y )) is the gradient of imageI0.The derivative of the expression with respect to∆p is :

2
∑

x

[∇I0
∂W
∂p

]T [It(x)−∇I0
∂W
∂p

∆p− I0(W(x;p))] (13)

setting this expression to equal to zero to get the steepest descent parameter updates [4]:

∆p = H−1
∑

x

[∇I0
∂W
∂p

]T [It(x)− I0(W(x;p))] (14)
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or in short form:

∆p = H−1
∑

x

[∇I0
∂W
∂p

]Te (15)

where theH in upper equations is then×n Hessian matrix:

∑

x

[∇I0
∂W
∂p

]T [∇I0
∂W
∂p

]. (16)

The ∂W
∂p term is theJacobian of the warpand can be deduced based on equations (6) and (7), ifW(x;p) =

(Wx(x;p),Wy(x;p))T , then:

∂W
∂p

=

( ∂Wx
∂φ1

· · ·
∂Wx
∂φm

∂Wx
∂Tx

∂Wx
∂Ty

∂Wx
∂Tz

∂Wx
∂Ωx

∂Wx
∂Ωy

∂Wx
∂Ωz

∂Wy
∂φ1

· · ·
∂Wy
∂φm

∂Wy
∂Tx

∂Wy
∂Ty

∂Wy
∂Tz

∂Wy
∂Ωx

∂Wy
∂Ωy

∂Wy
∂Ωz

,

)

(17)

put equations (6) and (7) into equation (17), we can get:

∂W
∂p

=

(

(e11−xe31) · · · (e1m−xe3m) 1
z 0 −

x
z xy −(1+x2) y

(e21−ye31) · · · (e2m−ye3m) 0 1
z −

y
z (1+y2) −xy −x

)

(18)

The overall block diagram of the ABS could be illustrated in Fig. ??.

Figure 7: Traditional Analysis-by-synthesis 3D motion estimation scheme

The deduction implies the limitation of the usage of the analytical method: the motion among the two image
is small and illumination changing is smooth. The analytical method is a suitable tool for tracking problem.
Different analytical methods have been successfully used for model based 3D motion tracking in video [17],
[21].

5 Perturbation based ABS

Although the analytical method has its sound theoretic base, the implementation of analytical method has been
found week to difficult motion such as expression [21]. The main reason is that in deduction of the analytical
method, there are a lot of factors that are hard to model into the analysis accurately.

A detail study of Fig.?? reveal that, the key of each iteration is to calculate the updating of parameters∆p.
This remind us that it is possible to first ”produce” the∆p and check if it lead to a better fitting, and decide if this
”produced”∆p should be accepted. In principle, it looks like the ”inverse” of the analytical method, where the
∆p is deduced at the end of each iteration. This means that the∂W

∂p could be approximated by∆W
∆p , the updating is

thus:

∆p ≈ H−1
∑

x

[∇I0
∆W
∆p

]T [It(x)− I0(W(x;p))] (19)

7
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or in shorter form:

∆p ≈ H−1
∑

x

[∇I0
∆W
∆p

]Te (20)

The diagram of this scheme is depicted in Fig.??.

Figure 8: ABS for motion estimation through perturbation.

The performance of this method is largely depended on the perturbation scheme. Compare to analytical
method, this method is in general slower since it does not usethe steepest descent gradient to guide its searching
process, yet the advantage is that it is more likely able to jump over the local minimal and converge to the real
global local minimal in the searching. [21] report 3D face motion tracking in video, using both the analytical
method and the finite difference method which is similar to the perturbation method described here, they note
that analytical method is better and faster for calculate the global motion parameters, and finite difference method
is better for expression parameters.

The previous mentioned analytical method and perturbationbased method are used in model based motion
tracking problem. The initialization problem is very much different from the tracking problem, we are confronted
with complete different settings for the model fitting task.We will show that the analytical method is often not
suitable tool anymore.

6 Analytical method versus perturbation method

In this section, we discuss the optimal method of solving theinitialization task. As mentioned before, the analyti-
cal methods have been used successfully in model based face tracking problem, where the primary aim could also
be formulated as fitting a face model onto the face object in video. A natural thought would be use the analytical
method in initialization problem.

We suppose to work in the pseudo automatic strategy as introduced before, and consider a common case:
a user has manually fit a face model onto his/her face image, and come back to the system again after some
time. Note that due to the time changing, possibly system changing, imaging condition changing, illumination
changing and many other factors, the appearance of the new video frame is very big compared to the one the used
has fitted with the model before.

Fig. 9 shows a typical case of initialization problem. The user has done a manually fitting carefully before
as shown in left column, the right column shows the case in application stage, with one failure result of analyt-
ical method which use gradient descent method for searchingthe model parameter. The sample video is from
http://www.cs.bu.edu/groups/ivc/HeadTracking.

The failure could be the result of illumination changing, pose changing, or any other factors which lead to the
changing of the imaged video frame. Though it is unfair to claim that analytical methods does not work from this
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Figure 9: A example setting of initialization problem, upper left is the image that has been manually fitted with
model setting (shown in low left). Upper right is the currentfirst frame, the low right show one case of the fitting
result using analytical method. The lower part of the figure are enlarged version of their upper counter parts for
illustration.

simple example, we spot what the problem lies in the analytical method. Our main concern is to find an optimal
method for such problem.

p p’ p p’ 

Error function Error function 

Parameter Parameter 

Figure 10: The error function surface where the analytical method could work (left) and the one which suitable
for perturbation method (right).

The fitting parameter searching could be consider as an optimization problem, in which the error function
will help to decide the searching method. For all the analytical method to work, there is an inherent assumption:
the targeted optimal answerp′ is within a local range with the current searching parameterp. Although it is
impossible to illustrate the error function surface as defined in equation 8. It is possible to demonstrate the idea
in a simple 1D case as shown in Fig. 11, on the left shows a example of such case. In fact, due to so many
factors that have thus far unable to modelled explicitly, the error function is nonlinear in essence. The true image
is somewhat as shown on the right in Fig. 11 as simplified in 1D case.

One way to ”transform” the nonlinear problem into one linearproblem is the well known Active appearance
model (AAM) first proposed in [9], where the model parameter changingδc is modelled linearly with respect to

9
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the errorδI as in equation 21:
δc = AδI (21)

TheA could be learnt in advance through training data. Although in this way, the problem is simplified as linear
problem, the ground of such usage is not hold in some case. This problem is discussed in [19], in their work, the
linearity constraint is used with an independent model, thesearching method is still analytical method [4], [19].

One common point of the AAM works is that, through training stage using technique as principle component
analysis (PCA), the cost function could often been rewritten as to be linear with respect to the model parameter.
This will limit the usage of AAM, since the model will be validonly to the trained case, another reason is that
PCA is a kind of ”normalization” process mapping from original signal space into a normalized PCA space, in
theory, it can only describe a ”general” feature of the signal. It could be very efficient in some case, but it is far
from being a optimal way of solving such a fitting problem.

This lead to our argument: for a typical initialization problem where the task is to fit a face model onto the
face region in video. The optimal method should be a global searching method. The perturbation based methods
are well known global searching methods, such as the simulated annealing (SA) and genetic algorithm (GA), we
believe that these methods are the true candidates for the optimal methods.

7 Hardware based ABS

The major difference between the initialization and successive tracking is that, in initialization, only the template
image knowledge is available. For initialization task, thepose, illumination, imaging device changing from when
the template was made is suppose to be large most of the time. Agradient based method which attempt to warp
the template image onto the input first frame will fail most ofthe time, since it is a local optimal solution. For
initialization task, we need a global optimal solution.

Due to the challenging conditions for initialization, the assumption for the analytical method often does not
hold anymore. It is not suitable to use the analytical methodthen. A natural alternative is to use the perturbation
method as described above. A simple check could found redundancy of the perturbation method described in Fig.
?? when applied to initialization problem.

Equation (20) shows a method that still based on calculatinggradient, the parameter estimating is carried out
in such turn:

∆p∗
→

∆W
∆p

,e → ∆p (22)

Most calculation is spent in the warping process, or the texture mapping process. The fast developing computer
graphics nowadays can do the texture mapping in hardware in extremely high speed. An new alternative is thus
exist for the texture mapping by using the computer graphicstechnique. The new method based on hardware
ABS is shown in Fig.??.

Since the warping happens in hardware (i.e. graphics card),there is no need for explicit calculation of∆W
∆p as

done before. The parameter estimating is carried out in following turn:

∆p → ∆E → ∆p (23)

thus is much more simpler and efficient then the previous scheme shown in Fig.??. Depend on whether the∆p
is accepted, the final parameter updating is∆p or 0 as depicted in the figure. The perturbation∆p is produced
by a random number generator as in Fig.??. In order to guarantee a global optimal solution, the schemeof this
random number generator is the key. The well-known Simulated Annealing (SA), and Genetic Algorithm (GA)
are efficient global optimal searching scheme for many optimization problems. In this paper, we study using both
SA and GA for searching the∆p and check their performance in the initialization task.

10
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Figure 11: Initialization using hardware based ABS

7.1 Search with Simulated Annealing (SA)

SA is a global optimization method [13]. The SA adapted in ourmatching problem is implemented as follow:

1. Define a parameter spaceΩ, and the cost functionf (ω). The goal is to find the parameter setω ∈ Ω that
maximizesf (ω).

2. Define a parameter perturbation functiong(ω), a convergence criterion, and an annealing schedule which
defines how the temperatureTi changes along the iterations.j is the number of tries at stepi.

3. Choose anωi ∈ Ω as =g(ωi−1,Ti) and letai = f (ωi) ( i is the iteration count).

4. if ai > ai−1, then this try is accepted and go to step 8.

5. If the exponential functionExp((ai−1−ai)/Ti) > x, wherex is a random variable drawn from a uniform
distribution ranging from zero to one, then accept and go to step 8.

6. Repeat step 3-5 j times.

7. If ωi was never accepted, then letωi = ωi−1.

8. Let i = i +1 and repeat steps 3-7 until convergence.

Our task is to estimate the pose parameter of a new face image given a standard face image where the position
and pose is known. We use the example shown in Fig. 9 for the experiment. We conducted two experiment, one
SA search without illumination compensation, the other with illumination compensation.

The basis working scheme of our experiment is shown in Fig. 12. It is a within a ABS framework, the SA is
used for the perturbation of the parameters and also used forchecking the convergence.

The search is performed in a 6D parameter space which includetranslation in X direction (Tx), translation
in Y direction (Ty), scaling factor (Sc), rotation around X axis (Rx), rotation around Y axis (Ry) and rotation
around Z axis(Rz). Although our aim is to find a global optimalanswer, it is not necessary to perform a brutal
force searching in the full size video frame, since the advance of the face detection technique has been able to
give a coarse estimation of the location of the face region [].

The cost function is chosen as the normalized correlation coefficient (NCC) as used in [6]:

NCC=
pTΣx,yIT(x,y)T(x,y)− (Σx,yIT(x,y))(Σx,yT(x,y))

σIT σT
(24)

where
σIT =

√

pTΣx,yIT(x,y)2− (Σx,yIT(x,y))2 (25)

11
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Figure 12: The SA search scheme in a ABS framework.

Parameter Searching range

Translation X (Tx) -10:1:10 pixel
Translation Y (Ty) -10:1:10 pixel
Scaling factor (Sc) 0.9:0.05:1.1
Rotation X (Rx) -0.1:0.01:0.1
Rotation Y (Ry) -0.3:0.01:0.3
Rotation Z (Rz) -0.2:0.01:0.2

Table I: Searching range for all parameter, denoted as ”low bound: incremental step : high bound” as used in
Matlab code. The parameters are with respect to the detectedface region. The unit for translation is pixel, for
rotation is radian.

σT =
√

pTΣx,yT(x,y)2− (Σx,yT(x,y))2 (26)

pT is the number of pixels within the template face imageT.

In our experiment, the image size is 320×240 pixel. We use a 3D wireframe face model which consist of
146 triangle patches, the face model covers 4554 pixel for the manually fitted image in off line stage. In the
experiment, the searching range is set according to a face detector’s result []. The range for each parameter is list
in Table I. The search space had about 6.9×108 sets of parameters. Using SA, it has been found that often 400
loops give a good searching result, which took around 5.2 seconds in our Matlab implementation. Fig. 13 shows
one SA searching result after run the SA for 400 loops. Fast implementation technique for such kind of warping
exists [7]. Fig. 14 shows the NCC curve for the 400 loops searching process.

7.2 SA with illumination compensation

The above reported experiment does not consider illumination changing. As illumination changing is one of the
major factors that lead to wrongly fitting, it would be beneficial to do the illumination compensation before the
actual evaluation of cost function.

In our experiment, the illumination compensation was done on each triangular patches on both template and
input image, according to equation 27:

IC(xn) =
xn−µ

σ
(27)

12
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Figure 13: The SA search result after 400 loops.
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Figure 14: The NCC curve for the 400 loops.

whereµ is the mean intensity of each triangular patch,µ is the standard deviation of the patch intensity. Since we
use a explicit 3D wireframe face model, all the norms of all triangular pathes are known. In theory, it is possible
to explicitly model the light changing for illumination compensation, this is an advantage over 2D trained face
models, where the illumination changing is often modelled through a PCA learning [9].

Fig. 15 shows one SA searching result after run the SA for 400 loops with illumination compensation. Fig.
16 shows the NCC curve for the 400 loops searching process with illumination compensation.

7.3 Performance evaluation

Performance evaluation is one key issue for vision based tracking system and remains an open question. The
difficulties lies in two question: 1) who should be able to actas the judge for the tracking system. 2) what
accuracy is suitable choice for the specific system. Concernour MBC system, the final aim is to enhance the bit
rate reduction for the whole coding system. It is easy to understand that better model fitting will lead to better
coding performance, it is yet not answered what fitting accuracy we should pursuit and who can guarantee the
evaluation correctness.

13
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Figure 15: The SA search result after 400 loops when use illumination compensation.
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Figure 16: The NCC curve for the 400 loops when use illumination compensation.

In Virtual Reality (VR) system and many vision based tracking system, a common way of evaluating tracking
performance is through comparing the tracking result with amagnetic tracker [15],[7]. The measurement from
the magnetic tracker is often treated as the ground truth, orthe reference, for evaluating the tracking performance.
In order to discuss the feasibility of using magnetic tracker as reference in MBC system, we used the same
measurement data used in [7] and evaluate the feasibility ofusing the magnetic sensor as ”ground truth” []. The
conclusion is that the magnetic sensor is often not a suitable tool for such kind of performance evaluation task.

Another possible choice is to use synthesized data as testing data to evaluate the tracking performance, this has
been used widely in research works [7], [21]. Since the synthesized video could hardly reveal real illumination
changing and other factors in real life, the evaluation result could be suspectable.

In our work, we hope to evaluate the performance against realvideo, but we have no way to obtain the ”ground
truth”, we thus suggest to use manual fitting result as the reference to evaluate tracking performance. Two reasons
are behind this motivation, one is that when lack of the ”ground truth”, manual fitting could be the only way to
provide most convincing fitting result. The other is that since for MBC the major concern is the reconstructed
video quality, a ”visually” effective fitting means a good explanation of the video image, which often suffice
the task, so the ”ground truth” of parameter is not the most important concern and the manual fitting could be a
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good enough reference. The fitting error is evaluated with the mean distance error (MDE) per model point, as
commonly used in AAM works. Table II shows the result of the experiment using the template and input image
as in Fig.9.

Parameters Manual fitting pure SA SA with IC

Tx 7 7 6
Ty 2 2 2
Sc 1.03 1.1 1.05
Rx 0.03 0.04 0.01
Ry -0.02 -0.03 -0.01
Rz -0.05 -0.05 -0.03

MDE per model point 0.0 5.33 5.23
Table II: Fitting result and root mean square point error (MDE) with respect to manual fitting. The unit for
translation is pixel, for rotation is radian.

7.4 Empirically discussion of performance upper bound

Although a strictly theoretic analysis for the ABS scheme and AAM scheme is beyond this work, it would be
interesting to empirically discuss the upper bound of the fitting performance of these two general approaches.

Since the accuracy of fitting is completely dependent on the parameter perturbation step, when the translation
step is chosen to be one pixel, the fitting could reach one pixel level accuracy. It is hard to evaluate AAM scheme
in terms of pixel level accuracy, one AAM work report around 4pixel accuracy of fitting performance [10], in
which the root mean square grey level error (RME) is in the best case 0.45. In image coding community’s term,
this is correspondent to a reconstructed image with the Peaksignal to noise ration (PSNR) of:

PSNR= 20log10
255
0.45

≈ 55dB (28)

This require extremely high quality of reconstructed video, it is thus not difficult to understand that the upper
bound of AAM fitting performance is constrained by its inherent scheme of representing a signal using a trained
normalized model. For ABS case in our mind, the fitting is based on sample. In this work, we demonstrate an
extreme case, using only one sample crafted off line, in theory, more samples with more manual fitting results
could be done for the fitting, the best fitting could be chosen from running the fitting multiple times and choose
the best one, or a combined result. Since the samples are not taken from a normalized space, it could expect
higher reconstructed quality compare to AAM, and thus higher fitting accuracy could be expected.

8 Conclusion

In this paper, we address one important question, how to initialize a MBC system. Specifically the initialization
for the model based face tracking process. The ABS scheme is revisited and different variation of ABS are studied
for solving the initialization problem. Some comparison with the popular AAM technique for solving the model
fitting problem shows the difference between the two techniques. With the development of computer hardware
and speed, it is expected that the perturbation based searching method could be the optimal global searching
method for solving the initialization problem.
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