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Abstract

Face motion is the sum of rigid motion related with face
pose and non-rigid motion related with facial expression.
Both motions are coupled in the captured image so that
they can not be easily recovered from the image directly. In
this paper, a novel technique is proposed to recover 3D face
pose and facial expression simultaneously from a monocu-
lar video sequence in real time. First, twenty-eight salient
facial features are detected and tracked robustly under var-
ious face orientations and facial expressions. Second, after
modelling the coupling between face pose and facial expres-
sion in the 2D image as a nonlinear function, a normalized
SVD (N-SVD) decomposition technique is proposed to re-
cover the pose and expression parameters analytically. A
nonlinear technique is subsequently utilized to refine the so-
lution obtained from the N-SVD technique by imposing the
orthonormality constraint on the pose parameters. Com-
pared to the original SVD technique proposed in [1], which
is very sensitive to the image noise and numerically unsta-
ble in practice, the proposed method can recover the face
pose and facial expression robustly and accurately. Finally,
the performance of the proposed technique is evaluated in
the experiments using both synthetic and real image se-
quences.

1. Introduction

The motion of the face consists of two independent mo-
tions: rigid motion and nonrigid motion. The rigid motion
results from the global motion of the face describing the ro-
tation and translation of the head, or face pose. While the
nonrigid motion results from the local motion of the face de-
scribing the contraction of facial muscles, or facial expres-
sion. When captured by the camera, both motions are mixed
together to form a 2D facial motion in the image plane.

Efficient recovery of face pose and facial expression
from face images is very important for applications in Face
Animation, Facial Expression Analysis and Human Com-
puter Interaction (HCI). For example, in the area of auto-
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matic facial expression analysis, due to the lack of ability to
separate face pose with facial expression accurately, most of
the facial expression recognition systems developed so far
require the subject facing the camera directly without sig-
nificant head movement [3, 13]. But once the face pose is
estimated, its effect can be subsequently eliminated so that
the estimated non-rigid motion of facial expression will be
independent of the face pose. Therefore, the user can move
freely in front of the camera while the facial expression can
still be recognized accurately.

Numerous methods [11, 3, 5, 15] have been proposed to
estimate the rigid and non-rigid motions from the face im-
ages. Conventionally, the rigid and non-rigid facial motions
are estimated separately in two stages [11, 16], and usu-
ally, the non-rigid motion is subsequently estimated after
the rigid motion is recovered. However, in the stage of esti-
mating the face pose, the face is assumed as a rigid object,
without considering the facial expression changes. There-
fore, the face pose can not be accurately estimated when
facial expression changes. In fact, most of the face pose
estimation algorithms [5, 15] are proposed to deal with the
rigid face only, ignoring the facial expression. But under
facial expression, the estimated face pose using these tech-
niques will only be an approximation of the true pose. In
fact, the estimated face pose will not be accurate at all when
the facial expression is significant. Consequently, without
accurate face pose information, the recovered non-rigid mo-
tions of the face will not be accurate either.

Notice that the face motion is the sum of rigid and non-
rigid motions, when projected into the image plane of the
camera, both motions will be non-linearly coupled in the
projected face motion. Therefore, any approach that tries to
recover one motion independently by ignoring the other will
not solve this problem accurately. But, intuitively, if the im-
age projection of both motions can be explicitly modelled,
then the face pose and facial expression can be recovered
simultaneously and accurately using the projection model.

2. Related Works
A group of different techniques [9, 2, 1, 8] have been

proposed to estimate the rigid and non-rigid motion simul-
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taneously. In each technique, a different facial motion pro-
jection model that integrates the face pose and facial ex-
pression together is developed. Subsequently, based on the
derived motion model, the pose and expression parameters
can be extracted simultaneously.

For example, two similar techniques [9, 2] are proposed
to simultaneously extract the pose and expression parame-
ters from two successive views with the use of a compli-
cated 3D deformable face model with facial expressions.
However, since the image brightness constancy equation is
utilized for motion estimation, the component of the motion
field in the direction orthogonal to the spatial image gradi-
ent is not constrained. Therefore, the recovered face mo-
tion is not accurate when the true motion deviates far away
from the direction of the spatial image gradient. In [7], a
novel method is proposed to extract both pose and shape of
the face simultaneously from images by approximating the
facial expression by a linear combination of rigid shape ba-
sis vectors. However, there are two significant issues that
prevent this technique from working robustly in practice.
First, since the facial features are tracked in a simple op-
tical flow based framework as well as by simply keeping
the initial appearance of each facial feature as a template
during tracking, it can not adapt to the appearance changes
of each facial feature under significant facial expressions so
that it suffers from the well-known drifting issue [10]. Sec-
ond, since the recovery of pose and expression parameters
is integrated into the facial feature tracking in the image,
the parameter searching space becomes very complicated.
In such a complicated parameter space, achieving correct
convergence and real-time implementation is very difficult.

In [1], the facial expression is modelled as a linear com-
bination of key-expressions, while the face motion is ap-
proximated by affine projection with parallax. Then, the
coupling of both motions in the image plane is described as
a bilinear model first, which is subsequently decomposed
by a SVD decomposition method to extract the pose and
expression parameters directly. This method seems very
nice in theory, however, we will show both in theory and
experiments that this method is so numerically unstable in
the presence of image noise that it does not work at all in
practice. Furthermore, for this method, the selected facial
features are tracked with the use of black make-ups, which
is not practical either.

In order to overcome the shortcomings of the similar
works done by [7, 1], a robust technique is proposed to re-
cover the rigid and non-rigid facial motions from the face
images accurately in real-time without any mark-ups. First,
a normalized SVD (N-SVD) technique is proposed to im-
prove the original SVD technique proposed in [1] so that
it can work stably in the presence of image noise. But as
shown in Section 4.7 of our paper, the proposed N-SVD
method is unable to impose the orthonormality constraints

on the face pose parameters. Therefore, we further intro-
duce an non-linear technique to refine the solution of the
N-SVD method based on a criterion that has a nice interpre-
tation in terms of distances, and appropriate constraints. Ex-
periments will show that our non-linear computation tech-
nique provides significant improvements in accuracy of the
estimated rigid and non-rigid motions.

In summary, the contributions of the proposed technique
are listed as follows: First, by proposing a robust facial fea-
ture tracking method, the facial features can be tracked ro-
bustly under significant facial expressions and various face
orientations in real-time without using any make-ups; sec-
ond, by proposing a normalized SVD (N-SVD) method to-
gether with imposing the underlying orthornormality con-
straint on the face pose parameters, the face pose and facial
expression can be solved in a very stable and efficient way.

3. Facial Feature Tracking
A neutral face is defined as a relaxed face without any

contraction of the facial muscles. Under the facial expres-
sion changes, the facial muscles will contract so that the
facial features will be moved and the facial appearance will
be changed subsequently. Hence, facial expression can be
interpreted as the deformations of a neutral face. If a set of
facial features that move significantly under facial expres-
sions is selected for tracking, then the facial expression can
be revealed from the movements of these selected facial fea-
tures relative to the neutral face. Intuitively, these relative
movements of the facial features can be utilized to charac-
terize the facial expressions.

Twenty-eight facial features around eyes, eyebrows, nose
and mouth as shown in Figure 1 are selected so that the face
can be represented by a mesh with 28 facial features. In the
following, the proposed technique to detect and track them
automatically in a video sequence is discussed briefly.

Figure 1. The face images with tracked facial features under dif-
ferent facial expressions.

Facial Feature Representation. In our proposed tech-
nique, each facial feature �x is represented by a set of multi-
scale and multi-orientation Gabor wavelet coefficients or Jet
J(�x). Specifically, the utilized Gabor kernels are defined as
follows:

ϕ(�x) =
k2

j

σ2
exp(−

k2
j x2

2σ2
)[exp(i �kj�x) − exp(−

σ2

2
)] (1)
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where, a discrete set of 6 different frequencies, index ν =
0, ..., 5, and 5 orientations, index μ = 0, ..., 4, is chosen to
obtain the kernel wave vectors �kj = [kν cos φμ, kν sin φμ]T

with kν = 2−
ν

2 , φμ = μπ
5

and the index j = 5ν + μ.

Eye-Based Facial Feature Detection. Our proposed
technique starts with eye detection. After the face image
is captured from a camera, a frontal face is first localized
via a trained Adaboost face detector [14]. Subsequently,
based on the detected face region, the eye positions can be
detected very efficiently via a trained Adaboost eye detector
[14]. Once the eye positions are known, based on them, a
trained face mesh F can be 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 neutral faces that covers a variety of different peo-
ple. Since the deviation from the actual position in the face
image is small for each facial feature, the correct position
can be located precisely by searching around the roughly
estimated position for each facial feature via matching with
a set of training data in the Gabor Wavelet space. Once
the facial features are located successfully, a motion-based
tracking mechanism is activated to track them robustly in
the subsequent image frames.

Correction-Based Facial Feature Tracking. Given a fa-
cial feature at two consecutive image frames, a jet J(�x) is
extracted at the position �x in the first image, while another
jet J

′

(�x + �d) is extracted at the position �x + �d in the sub-
sequent frame. The displacement �d can be estimated ac-
curately by phase-based methods [4] so that the facial fea-
tures can be tracked very efficiently. However, it does not
have the capability of identifying and recovering from the
tracking failures. Therefore, a confidence verification pro-
cedure is activated as a correction step to handle cases of
mis-trackings or occlusions with the use of a set of col-
lected training data for each facial feature. As a result, via
the proposed technique, the facial features can be detected
and tracked automatically under various facial expressions
and different face orientations. Some tracking results under
different facial expressions are shown in Figures 1.

4. Pose & Expression Decomposition
4.1. 3D Deformable Face Model

Given a 3D deformable face model X composed of l fa-
cial features, it can be expressed as follows:

X = XN + ΔX (2)

where X is a vector of l facial feature coordinates Xi(i =
1, ..., l) on the face model, XN is a vector of l facial feature
coordinates XN

i (i = 1, ..., l) on the neutral face model, and
ΔX is the facial deformation under the facial expressions,
which consists of the relative movements ΔXi(i = 1, ..., l)
of the facial features to the neutral face.

Without reduction, the facial deformation ΔX contains
3l variables, which is difficult to estimate due to such a large
number of variables. In order to minimize the dimensional-
ity of the facial deformation vector ΔX , a compact repre-
sentation with a reduced number of parameters is built from
a set of collected facial deformation vectors via the popu-
lar Principal Component Analysis technique similar to [7].
Specifically, a set of p (p � 3l) facial deformation basis
vectors ΔXk, k = 1, ..., p, is derived off-line using training
data so that any facial deformation vector ΔX of the 3D
face model X can be approximated accurately by a linear
combination of them as follows:

ΔX ≈

p∑
k=1

αkΔXk (3)

where αk (k = 1, ..., p) are the coefficients of the facial
deformation vectors, and ΔXk is represented as:

ΔXk =
(

ΔXk
1 . . . ΔXk

l

)T
(4)

Therefore, a 3D deformable face model with facial ex-
pression can be represented by a set of reduced parameters
as follows:

X ≈ XN +

p∑
k=1

αkΔXk (5)

In the rest of the paper, αk will be called as facial expression
parameters.

4.2. 3D Motion Projection Model
Under the weak-perspective projection assumption,

given a facial feature point in the 3D face model, the fol-
lowing equation can be obtained:

Ui = MXi (6)

where, the 2D translation, which is usually treated as the
face center, has already been subtracted. In the above equa-
tion, Ui = (ui vi)

T is the relative coordinate of the 2D
image point, Xi = (xi yi zi)

T is its corresponding relative
3D coordinate point, and the projection matrix M is com-
posed of the first two rows of the rotation matrix R and the
scalar λ as follows:

M =

(
m11 m12 m13

m21 m22 m23

)
=

1

λ
R2×3

Therefore, once M is known, the rotation matrix R and the
scalar λ of the 3D face model can be recovered. Hence, in
the rest of the paper, the coefficients mij will be called as
face pose parameters.

Hence, for each facial feature point, after integrating
equation 5 into equation 6, a model that successfully com-
bines the effects of face pose and facial expression in the
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2D face image is derived as follows:

Ui = M

[
XN

i +

p∑
k=1

αkΔXk
i

]
(7)

From equation 7, it is clear that the model is a nonlinear
function of the pose parameters mij and expression pa-
rameters αi. Furthermore, the coupling term Mαi tells
that the pose parameters mij and expression parameters
αi will directly interact to produce the face motion in
the image. For convenience, the parameters involved in
the motion projection equation 7 are represented as ξ =
(m11,m12,m13,m21,m22,m23, α1, ..., αp).

4.3. SVD Decomposition Method
A decomposition technique based on Singular Value De-

composition (SVD) is introduced by Bascle et al. [1] to es-
timate the parameters from equation 7. Specifically, it can
be summarized as the following two steps.

1. Solution of a system of linear equations

After some appropriate arrangements, equation 7 can
be represented as follows:

Ui = ΩiQ (8)

with

Ωi =

(
XN

i 0 ΔX1
i 0 · · · ΔX

p
i 0

0 XN
i 0 ΔX1

i · · · 0 ΔX
p
i

)

and Q = (A α1A · · · αpA)T , where A =
(m11 m12 m13 m21 m22 m23). Therefore, the pa-
rameter vector Q contains 6 + 6p unknowns. Given a
set of l detected facial features in a face image, where
l ≥ 3 + 3p, a system with 2l linear equations can be
derived from equation 8 as follows:

P = ΩQ (9)

where P = (U1 · · · Ul)
T and Ω = (Ω1 · · · Ωl)

T .
The linear system 9 can be easily solved by the Least
Squares technique as Q = Ω+P , where Ω+ is the
pseudo-inverse of the matrix Ω, and it is computed
from Ω+ = (Ω′Ω)

−1
Ω′.

2. The singularity constraint

Once the parameter vector Q is estimated, a matrix F

can be constructed by re-arranging it:

F =
(

AT α1A
T · · · αpA

T
)

= AT
(

1 α1 · · · αp

)
(10)

It clearly shows that the matrix F is a multiplication
result of two vectors. Hence, the matrix F is a sin-
gular matrix with rank 1. But in practice, the con-
structed matrix F has a rank 5 because of the inaccu-
racies of the measurement or image noise. Thus, steps

are needed to enforce this singularity constraint on the
constructed matrix F .

A corrected matrix F ′ can be derived by minimizing
the Frobenius norm ‖F −F ′‖ subject to the constraint
det(F ′) = 0. A convenient method of doing this is to
use the Singular Value Decomposition (SVD). In par-
ticular, let F = UDV T be the SVD of F , where D

is a diagonal matrix D = diag(d0 d1 · · · dp) satis-
fying d0 ≥ d1 ≥ · · · ≥ dp. Then F ′ is chosen as
F ′ = Udiag(d0 0 · · · 0)V T . By this way, the cor-
rected matrix F ′ will be a singular matrix with rank
1.

4.4. Condition of Linear Systems
Unfortunately, it turns out that the matrix Ω of the linear

system P = ΩQ is ill-conditioned. As indicated in [6], the
condition 1 of a general nonzero matrix Ω is a quantitative
indication of the sensitivity to perturbation of a linear sys-
tem involving Ω. Hence, the ill-conditioned matrix Ω makes
the solution of the linear system P = ΩQ very sensitive to
the image noise. In practice, the estimated pose and expres-
sion parameters by the proposed SVD method [1] are ex-
tremely susceptible to image noise so that the SVD method
will be malfunctioned. First, the condition of the linear sys-
tem P = ΩQ is analyzed.

For simplicity, equation 8 can be split into the following
two equations after some proper re-arrangements:

ui = Ω′

iQu (11)

vi = Ω′

iQv (12)

with Ω′

i = (XN
i ΔX1

i · · · ΔX
p
i ) and

Qu = (A1 α1A1 · · · αpA1)
T

Qv = (A2 α1A2 · · · αpA2)
T

where A1 = (m11 m12 m13) and A2 = (m21 m22 m23).
Then, given a set of l facial features in a face image,

assuming l ≥ 3 + 3p, two systems of linear equations can
be derived:

Pu = ΩfQu (13)

Pv = ΩfQv (14)

with Pu = (u1 · · · ul)
T , Pv = (v1 · · · vl)

T , and

Ωf =

⎛
⎜⎝

XN
1 ΔX1

1 · · · ΔX
p
1

...
...

...
...

XN
l ΔX1

l · · · ΔX
p
l

⎞
⎟⎠

1Formally, the condition of a general nonzero matrix Ω is defined as
κ(Ω) = ‖Ω+‖‖Ω‖, where Ω+ is the pseudoinverse of the matrix Ω.
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Apparently, the matrix Ωf is very unbalanced because
the magnitudes of the columns XN are significant larger
than the other columns. In practice, the magnitude of the
difference between the columns XN and the remaining ones
is around 103. As a result, the condition number of the ma-
trix Ωf is very large, usually larger than 4 × 103. The large
condition number means that the matrix Ωf is close to sin-
gular or ill-conditioned. Therefore, the ill-conditioned ma-
trix Ωf will cause the solutions of the linear equation sys-
tems 13 and 14 very unstable and extremely sensitive to the
image noise.

In the following, a simple but effective solution is pro-
posed to improve the condition of the matrix Ωf . As a re-
sult, the linear systems 13 and 14 can be solved stably.

4.5. Normalization Transformation
Since the singularity of the matrix Ωf is caused by the

imbalance of the matrix Ωf , we propose a simple matrix
transformation technique to balance the matrix Ωf . Given
a transformation matrix C, a transformed matrix Ω′

f is ob-
tained by multiplying the inverse of the matrix C:

Ω′

f = ΩfC−1 (15)

In particular, the transformation matrix C is a diagonal
matrix and its structure is illustrated as follows:

C = diag
(

c0 c0 c0 c1 c1 c1 · · · cp cp cp

)
where c0 is the average of the sums of the columns of XN ,
ck (k = 1, ..., p) is the average of the sums of the columns
of ΔXk. Hence, the coordinates of each point are scaled
equally.

After the transformation, the transformed matrix Ω′

f is
well-balanced. The condition number of the transformed
matrix Ω′

f is very small, around 101. It means that the
transformed matrix Ω′

f is well-conditioned. Therefore, for
the linear systems Pu = Ω′

fQ′

u and Pv = Ω′

fQ′

v , where
Q′

u = CQu and Q′

v = CQv , the solutions Q′

u and Q′

v are
less sensitive to the image noise.

4.6. Normalized SVD Method
Finally, a new stable algorithm, named as normalized

SVD method (N-SVD), is proposed to estimate the pose
and expression parameters effectively. The N-SVD method
is formulated as the following five steps.

1. Normalization: Normalizing the matrix Ωf of the lin-
ear systems Pu = ΩfQu and Pv = ΩfQv by a com-
puted transformation matrix C from matrix Ωf .

2. Linear solution: Similar to the construction of the
matrix F , constructing a matrix Fn from Q′

u and Q′

v

obtained from the transformed linear systems Pu =
Ω′

fQ′

u and Pv = Ω′

fQ′

v .

3. Constraint enforcement: Replacing Fn by its closest
singular matrix F ′

n via the SVD technique.

4. De-normalization: Decomposing the matrix F ′

n back
into parameter vectors Q′

u and Q′

v , and then replacing
Q′

u and Q′

v by C−1Q′

u and C−1Q′

v respectively.

5. Parameter recovery: Recovering the face pose and
expression parameters from the vectors Q′

u and Q′

v .

Via the proposed N-SVD technique, the condition of the
linear systems is improved significantly so that the recov-
ered pose and expression parameters are not sensitive to the
image noise any more.

4.7. Non-linear Decomposition Method
The proposed N-SVD method will obtain a unique solu-

tion of Ω for each face image. If the solution is accurate,
then the recovered face pose parameters mij must satisfy
the following constraints automatically:

f1(ξ) = m2
11 + m2

12 + m2
13 − (m2

21 + m2
22 + m2

23) = 0 (16)

f2(ξ) = m11m21 + m12m22 + m13m23 = 0 (17)

The above constraints are derived by considering the face
rotation matrix R as an orthonormal matrix. But appar-
ently, both constraints are ignored by the proposed N-SVD
method, which can not guarantee that the recovered matrix
R is an orthonormal matrix. Therefore, the above two con-
straints must be considered in order to guarantee that the
recovered rotation matrix R is orthonormal.

The constraints are non-linear, hence, it is difficult to in-
tegrate the constraints into equation 7. Therefore, in the
following, a non-linear optimization method is utilized to
recover the pose and expression parameters simultaneously.

From equation 7, the projection function for a facial fea-
ture (ui, vi) in image can be re-written as follows:

ui = A1X
N
i +

p∑
k=1

αkA1ΔXk
i (18)

vi = A2X
N
i +

p∑
k=1

αkA2ΔXk
i (19)

Therefore, from l facial features, we can build a positive
error function fe:

fe(ξ) =

l∑
i=1

[
Δui

2 + Δvi
2
]

(20)

where Δui = u′

i − ui and Δvi = v′

i − vi. Specifically,
the image pixel errors Δui and Δvi are the Euclidean dis-
tances between the tracked facial features (u′

i, v
′

i) and the
predicted facial features (ui, vi) computed by projecting
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their corresponding 3D facial feature points Xi via the de-
rived equations 18 and 19 of the proposed nonlinear model.

In the error function fe, there are 6+p unknowns, includ-
ing 6 pose parameters and p expression parameters. There-
fore, these unknowns ξ∗ can be estimated in terms of the
following constrained minimization problem:

ξ∗ = arg min
ξ

fe, subject to f1(ξ) and f2(ξ). (21)

The above constrained minimization is solved by the se-
quential quadratic programming (SQP) method [12], which
is one of the most effective methods for solving the opti-
mization problem with nonlinear constraints. The algorithm
needs an initial value, which is provided by the proposed
N-SVD method. Therefore, given a face image, the first
step for our algorithm is to extract an initial value of ξ by
the proposed N-SVD method, then the estimated value of
ξ is further refined by the proposed non-linear optimization
method. By this way, the nonlinear algorithm can converge
to the optimal value in less than 10 iterations, which is very
efficient. Experiments show that via the proposed estima-
tion algorithm, the face pose and facial expression parame-
ters can be recovered accurately in real-time.

5. Experiment Results
Once the facial expression and face pose are recovered

from the face images, the facial expression will be indepen-
dent of the face pose. In essence, if the decomposition is
successful, then both of them will be accurately estimated;
otherwise, neither of them will be accurate. Therefore, the
performance of the proposed motion decomposition algo-
rithm can be evaluated either on the estimated expression or
pose parameters individually.

Several experiments are conducted to test the validity of
our proposed motion decomposition algorithm. In order to
express the parameter error in a measurable quantity, the
following error measurement technique is performed. First,
from the face pose parameters M , the three face pose an-
gles and the face scale factor are recovered. Therefore, the
pose parameter error is characterized by the face pose angle
in degrees and the face scale factor in percentage. Second,
from the facial expression parameters αk, the facial defor-
mation ΔX is computed as ΔX =

∑p
k=1

αkΔXk first.
Hence, the facial expression parameter error can be charac-
terized by the Root-Mean-Square error (RMSE) of the fa-
cial deformation vector in pixels effectively. The RMSE of
a recovered vector is defined as the square root of the aver-
age Euclidean norm of the difference between it and its true
vector.

5.1. Performance on Synthetic Data
Synthetic data is generated from four basis facial fea-

ture movement vectors and a 3D neutral face mesh. First,

a set of face pose parameters M and facial expression pa-
rameters αk is randomly sampled. Second, based on them,
a sequence that contains 300 frames of image points is
generated. Finally, different levels of Gaussian noise are
added into the generated coordinates of image points at each
frame. At each noise level, the errors associated with the
parameters (pose and expression) recovered by the origi-
nal SVD method, N-SVD method and nonlinear method are
computed from the 300-frame sequence. For the nonlinear
method, the solution obtained from the N-SVD method is
employed as an initial estimate.

When computing the errors, the pose parameters M and
expression parameters αk originally employed to generate
the synthetic data serve as the ground truth. As discussed
in Section 4.3, the original SVD method is very sensitive
to image noise. Figure 2 (a)&(c) illustrate its behaviors on
the synthesized image frames in the presence of noise. It
shows that the original SVD method does not work at all
in the presence of noise. However, after the normalization
via the proposed technique, the N-SVD method improves
the stability under image noise dramatically. Its accuracy
downgrades gracefully with the image noise level as shown
in Figure 2 (a)&(c). Furthermore, Figure 2 (b)&(d) also
illustrate the estimation error of the refined results by the
nonlinear method. It shows that the nonlinear method im-
proves the results of the N-SVD method significantly as the
noise level increases.

5.2. Neutral Face with Face Orientations
The first real image sequence includes a person mov-

ing his face freely in front of the camera, while keeping
his facial expression as neutral. Significant out-of-plane
face rotations are involved, and also there are significant
distance changes between the face and the camera. Ran-
domly selected face images with automatically tracked fa-
cial features are shown in Figure 3. Based on the tracked
facial features, the proposed motion decomposition method
is subsequently applied to recover the pose and expression
parameters for each face image.

Since it contains only a neutral face, ideally, the facial
deformation vector V at each face image is close to zero.
Thus, the RMSE of the estimated facial deformation vec-

tor V̂ can be simply evaluated as
√

1

n
‖V̂ ‖

2

, where n is the
dimension of the vector. Therefore, the RMSE of the es-
timated facial deformation vector can be used as a metric
to evaluate the performance of the proposed technique: the
smaller the RMSE is, the better the performance of the pro-
posed technique is.

Figure 4 shows the calculated RMSEs of the estimated
facial deformation vectors with the N-SVD and nonlinear
methods respectively. Specifically, the output of the N-
SVD method is chosen as the initial value for the nonlin-
ear method. As shown in Figure 4, both methods work
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(a) (b) (c) (d)
Figure 2. Error comparisons of the estimated parameters by the original SVD, N-SVD and nonlinear methods respectively as a function of
Gaussian noise: (a&b) Face Pose Error; (c&d) RMSEs of facial deformation.

0 15 41 82 104 112
Figure 3. The randomly selected images from a neutral face image sequence.

very well and the facial deformations can be estimated
accurately, although the nonlinear method is slightly bet-
ter. Without face pose effect elimination (all the faces are
treated as frontal faces), then the RMSE of the calculated
facial deformation vectors is very large as shown in Figure
4. Figure 4 also displays three estimated face pose angles of
the nonlinear method. They visually follow the movements
of the face in the images very well.

Figure 4. Left: the RMSE of the estimated facial deformation vec-
tors. Right: three estimated face angles.

5.3. Face with Facial Expressions
A set of image sequences that contains simultaneous

pose and expression changes were collected. In each se-
quence, a person is rotating the head freely in front of the
camera (but always starting from frontal pose), while keep-
ing the facial expression unchanged. Randomly selected
face images for two sequences are shown in Figure 5.

For example, in the “surprise” image sequence, all the
images contain a face with same facial expression, rotat-
ing in front of the camera. Therefore, the facial deforma-
tion vector at each face image is equivalent. Since frame
0 contains a frontal face, the extracted facial deformation
vector V0 will serve as the ground truth. The facial de-

formation vector V0 is obtained directly by subtracting the
face in frame 0 from its neutral face. Therefore, the RMSE
of an estimated facial deformation vector Vk is defined as√

1

n
‖Vk − V0‖

2. Figure 6 shows the calculated RMSEs of
the estimated facial deformation vectors for the “surprise”
sequence with different techniques. It shows that the non-
linear technique performs better than the N-SVD method
alone. It is obvious that the constraints on the pose param-
eters make it more accurate and robust. Similarly, the RM-
SEs of the estimated facial deformation vectors for another
“disgust” image sequence are illustrated in Figure 6. The
same conclusion can be drawn.

Figure 6. The calculated RMSE of the estimated facial feature
movement vectors (Left: surprise; Right: disgust).

Table 1 summarizes the average of the calculated RM-
SEs of the estimated facial deformations for all the im-
age sequences in the experiments. It tells that the pro-
posed nonlinear method integrated with the N-SVD so-
lution as initials achieves the best results. Since the
measured RMSEs of the extracted facial deformations is
within one pixel, they are accurate enough to discrim-
inate subtle facial expressions, which is extremely ben-
eficial for the facial expression analysis or face anima-
tion systems. A video demo showing the estimated face
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0 13 27 36 70 79

0 12 42 48 59 66
Figure 5. The selected images from two image sequences with facial expressions. (Top: surprise; Bottom: disgust )

pose (represented by the face norm, marked as a red line)
under significant facial expressions can be downloaded
from the web-site at http://www.ecse.rpi.edu/
˜cvrl/zhiwei/facialmotion/cvprdemo.avi.

Table 1. The average RMSEs of the extracted facial deformation
vectors for different image sequences (pixels)

Sequence N-SVD Nonlinear Without Pose Elimination
Neutral 0.98 0.79 6.63
Happy 2.42 0.67 6.35

Surprise 3.17 0.93 5.26
Disgust 3.06 0.95 6.41

6. Conclusion
In this paper, a novel technique is presented to simultane-

ously recover face pose and facial expression from the face
images accurately. The coupling effects of them in the 2D
face image is first successfully modelled via an nonlinear
model and subsequently decoupled in a very efficient way
via the proposed N-SVD technique. Further consideration
of the underlying constraints over the motion parameters, an
nonlinear decomposition step is utilized to refine the solu-
tion obtained by the N-SVD technique. Experiments show
that the proposed method can recover face pose and facial
expression from the face images accurately. Based on the
proposed technique, a real-time system is built so that the
face pose and facial expression parameters can be extracted
accurately as soon as the user is sitting in front of the cam-
era, without black make-ups or markers. It runs comfort-
ably at 25 fps on a PC with a dual Xeon 2.8GHZ CPU and
1.0GB RAM.
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