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Scattered data processing approach based on
optical facial motion capture
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Key Laboratory of Advanced Design and Intelligent Computing (Dalian University), Ministry of Education,
Dalian, China

Abstract. In recent years, animation reconstruction of facial expressions has become a popular research field in computer
science and motion capture-based facial expression reconstruction is now emerging in this field. Based on the facial motion data
obtained using a passive optical motion capture system, we propose a scattered data processing approach, which aims to solve
the common problems of missing data and noise. To recover missing data, given the nonlinear relationships among neighbors
with the current missing marker, we propose an improved version of a previous method, where we use the motion of three
muscles rather than one to recover the missing data. To reduce the noise, we initially apply preprocessing to eliminate impulsive
noise, before our proposed three-order quasi-uniform B-spline-based fitting method is used to reduce the remaining noise. Our
experiments showed that the principles that underlie this method are simple and straightforward, and it delivered acceptable
precision during reconstruction.
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1. Introduction

In recent years, because of the rapid development of
the computer graphics industry, motion capture (Mo-
Cap) has become one of the most popular techniques
for acquiring natural human motion due to its high
precision, real-time features, and convenience. Tech-
niques have been introduced that allow the Mo-Cap
device to be used to retrieve rigid body transforma-
tions and to process soft body motion, such as the facial
movements of an actor. Animation reconstruction from
a human face is one of the most popular fields in
current computer science research and Mo-Cap-based
facial expression reconstruction is an emerging issue
in this field. Passive optical Mo-Cap is a technique that
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observes moving markers from multiple angles, trans-
forms the position of markers into three-dimensional
(3D) coordinates by graphic processing, and obtains
the movements of markers attached to the surface of
a moving object in real time. However, 3D geomet-
ric models can not be driven directly by the source
motion data captured by passive optical Mo-Cap sys-
tems. The major reasons for this are as follows: (1)
there is unavoidable noise in the captured source data,
which comes mainly from calibration errors, electri-
cal noise, and jumping by sensor devices or markers;
and (2) there are missing data. During the process-
ing of captured motion data, multiple markers often
appear to overlap or obscure each other, or they may
be invisible compared with the situation when using
two cameras, all of which makes the positions of these
markers difficult to reconstruct and missing data are the
outcomes. These two problems are referred to as the
missing data and noise problems, which are the most
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common problems encountered during the processing
of captured motion data.

To obtain a better simulation, captured motion data
are often used to reconstruct facial expressions in the
field of facial Mo-Cap. Motion data processing is the
foundation of facial motion reconstruction. In recent
years, many effective methods have been proposed for
missing data recovery. Lin and Ouhyoung [1] proposed
the weighted summation of neighbor displacements to
repair missing data, where the distance between neigh-
boring markers and missing markers determined the
weights of the movements of neighboring markers, so
the weights became smaller as the distance increased.
Guenter et al. [2] used the average displacements of
valid neighbors to represent the movements of missing
data, which repaired the missing data. To ensure that
there were sufficient valid neighbors for the current
missing points, they used a greedy algorithm to build
the repaired sequence for missing markers. All of these
methods exploit information related to neighboring
markers to repair the missing data, thereby facilitat-
ing the recovery of missing data based on the local
movement angle. However, the analysis of local move-
ments using these methods is not sufficiently robust and
data processing requires manual intervention. Edge
et al. [3] used a Kalman filter to reduce noise and the
discrete cosine transform (DCT) to reconstruct miss-
ing motion trajectory segments. However, this method
was only applicable to time sequence information and
it failed to exploit spatial information. Aristidou et al.
[4] proposed a method based on a Kalman filter for
predicting missing data, which ensured adequate pre-
cision by exploiting information related to neighboring
markers to obtain a fair result.

After missing data recovery, however, data dither-
ing still exists because of calibration errors, electrical
noise, and jumping by sensor devices or markers, so
the motion trajectory is not sufficiently smooth to
reconstruct facial expression. Thus, if we use these
data to reconstruct facial expressions, the animation
produced will not be sufficiently natural and realis-
tic. Given the non-rigid structure of the human face,
noise reduction based on curve fitting is an effective
trajectory smoothing method for facial motion data.
Therefore, we consider the application of curve-based
fitting to reduce noise and to smooth the motion tra-
jectory. Many methods have been proposed to address
the problems of noise reduction and trajectory smooth-
ing. Liu et al. [5] proposed a curve fitting method
based on the least squares principle, where they con-

sidered the problem of fitting polygons. However, a
higher order polygon could not obtain a better fit-
ting result and there was a limitation on the order
of the polygon, because the computational complex-
ity increased with the order. After considering the
effects of low-order fitting, they proposed the addition
of segments to ensure the smoothness of the fitting.
Hsieh et al. [6] proposed an impulsive noise reduc-
tion method for rigid body motion data, which used
B-spline wavelets and obtained good results. However,
this method is aimed at human body to do experiments,
although we might consider applying it to facial data
processing. Horsch and Juttler [7] proposed the con-
struction of a C1 consecutive spline curve. Using the
dispersal of the spline curve to obtain the rotation and
position, they drove a robot through a specific route.
To some degree, this algorithm solved the problem.
Each curve segment was grouped using a third-order
Bezier curve and the control points of the curve were
computed based on the position and velocity (tangent
vector) of the robot during processing. Somasundaram
and Parent [8] proposed a method for simple linear
interpolation to smooth the trajectory and remove out-
liners. Fang [9] proposed an online curve modeling
framework for constructing online curves to smooth
the trajectories and obtained fair results. To obtain
the final result, Bickel [10] presented a multiscale
representation and acquisition method for animating
high-resolution facial geometry and wrinkles. In a
marker-less approach, Weise [11] introduced a face
tracking algorithm that combined geometry and texture
registration with pre-recorded animation priors during
a single optimization. The 3D facial dynamics could
be reconstructed in real-time without using face mark-
ers. Akhter et al. [12] presented bilinear spatiotemporal
basis models and used the models for denoising and
marker labeling in raw Mo-Cap data.

Most of these previous data recovery methods
exploited neighbors to repair the missing data and
recovered the missing data based on the local move-
ment angle. We also propose data recovery based on
the effects of neighbors. Our method is also guided by
a muscle motion mechanism proposed by Waters [13],
which we have improved.

From the perspective of recovering missing data, the
principle of the muscle motion mechanism proposed by
Waters [13] only considers the influence of one neigh-
boring point on the current missing marker, whereas
we use multiple points. However, given the inevitable
missing data problem, there might not be sufficient
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Fig. 1. Data processing flowchart.

neighbors available for recovery. For each marker, its
most distant neighboring marker has the lowest effect
on its movement, whereas the points derived from the
three nearest markers have most effect on the cur-
rent marker’s movement. Thus, we propose a muscle
motion mechanism based on three neighbors for data
recovery.

After data recovery, given the effect of impulsive
noise on the motion trajectory and the nonrigid struc-
ture of the human face, we initially apply preprocessing
to eliminate impulsive noise, before using our pro-
posed curve fitting and noise reduction methods, where
we apply a third-order B-spline to fitting to obtain a
smoother motion trajectory.

The remainder of this paper is organized as fol-
lows. An overview of the data processing flow is
provided in Section 2. Section 3 describes the data
recovery algorithm based on a muscle motion mech-
anism using three neighbors. Section 4 explains the
noise reduction-based curve fitting algorithm, which is
used to smooth the motion trajectory. The experimen-
tal results are reported in Section 5. Some illustrative
examples are provided to demonstrate the effectiveness
of the proposed algorithm. Finally, we give our con-
cluding remarks and suggest future research directions
in Section 6.

2. Algorithm overview

The inherent difficulty of working with facial Mo-
Cap is related to the problem of how to use the
captured scattered motion data to reconstruct facial
motion expressions. Thus, for missing data recovery
and noise reduction, we designed a data processing
method, the essence of which is as follows. We apply an
algorithm to the scattered motion data sequence to rec-
ognize their topology, before recovering missing data
and eliminating noise.

In this section, we describe the flow of the motion
data processing method, which is shown in Fig. 1.
A facial motion capture sequence is the input of the
processing task. First, using the scattered motion data
captured by a passive optical Mo-Cap system and to
perform an accurate calibration, we propose a motion
tracking method to track the trajectories of the points in
real time and we store all of the captured points based
on their time sequence. Second, to obtain the com-
plete motion data, we recover the missing data using
a muscle motion mechanism based on three neigh-
bors from the tracked motion data. Third, our proposed
preprocessing method is used to reduce the impulsive
noise based on a mid-value filter. Fourth, a third-order
quasi-uniform B-spline-based curve fitting method is
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Fig. 2. Muscle vector representation [13], © 1987 ACM, Inc. Reprinted by permission, http://doi.acm.org/10.1145/37401.37405.

proposed to reduce the remaining noise and to obtain
smooth motion trajectories. Finally, we reconstruct the
facial expression motions using the smoothed data. An
animation graph is the final output of motion data pro-
cessing. Each step of this data processing method is
necessary to solve the common problems. We validated
the efficiency of our methods.

3. Data recovery using a muscle motion
mechanism based on three neighbors

Motion tracking is used to follow the trajectories of
markers in real time according to their time sequence,
which is also the foundation of our motion data pro-
cessing method. After explaining motion tracking, we
describe how to apply the muscle motion mechanism to
recover missing data from the closest three neighbors.
Given the nonlinear relationships among the neighbors
of the current missing marker, our method is guided
by the muscle motion mechanism proposed by Waters
[13], which uses one muscle, whereas we use three to
recover a missing point.

3.1. Muscle motion mechanism

Waters’ muscle model [13] is a widely used anima-
tion model. Muscle V1V2 is decided by two points: the
point of bony attachment and the point of skin attach-
ment. Figure 2 illustrates how the adjacent tissue, such
as the node P, is affected by this muscle vector con-
traction. We can assume maximum displacement at the
point of attachment to the skin and zero displacement

at the point of bony attachment. A decline in the dis-
placement is dissipated through the adjoining tissue
across the sectors PmPn and V1Ps. Using a nonlinear
interpolant, it is possible to represent the simple action
of a muscle, such as that shown in Fig. 2. P is moving
toward P′ and the muscle vector is described in two
dimensions. Point P(x,y) is displaced by P′(x′,y′).

V1 and V2 are used to construct a linear muscle.
Any point P located in the mesh grouped by the field
V1PrPs will be displaced by P’ in the direction of the
vector PV1.

The point P exists in the field of V1PnPm, so the
displacing radius factor R is defined as:

R = cos

((
1 − D

RS

)
× π

2

)
(1)

The point P exists in the field of PnPrPsPm, so the
displacing radius factor R is defined as:

R = cos

(
D − Rs

Rf − Rs

× π

2

)
(2)

where R determines the position of P′. Waters used a
muscle motion mechanism to animate facial animation.
Thus, we used this mechanism to repair missing data
and we set a new weight formula for factor R, while
also taking the cosine function as the design function
for weight R.

3.2. Missing data recovery

The marker position can be estimated using the mus-
cle motion mechanism. In this study, constraints on the

http://doi.acm.org/10.1145/37401.37405
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Fig. 3. Missing data recovery method.

three neighbors are used to produce a more reliable and
convincing algorithm.

Why do we only use three neighbors to recover the
motion data? First, given the inevitable missing data
problem, there might not be sufficient neighbors avail-
able for recovery. Second, for each marker, its most
distant marker has the lowest influence on its move-
ment. Thus, the points derived from the three nearest
markers have most influence on the current marker’s
movement. This is why our proposed muscle motion
mechanism is based on using three neighbors for data
recovery.

The details of the algorithm are as follows. To
recover the position of a specific missing marker, it is
necessary to find the three nearest non-missing mark-
ers in the previous and the current frames. According
to the facial muscle motion mechanism, we use the
movements of the three points to predict the missing
markers’ position. The overall method is illustrated in
Fig. 3.

In Fig. 3, the left section shows the marker posi-
tions in the previous frame while the right section
shows the current frame. © represents non-missing
points and � represents the missing point Pt′. Pt1, Pt2,
and Pt3 are the three nearest points to point Pt in the
previous frame, and Pt1′, Pt2′, and Pt3′ represent the
corresponding points in the current frame for points
Pt1, Pt2, and Pt3 in the previous frame, respectively.
V1, V2, and V3 denote the vectors formed between
the corresponding points in the previous and current
frames.

3.2.1. Data recovery based on three neighbors
The position of a missing point in the current frame

is predicted based on the motion data in the previous

frame. We briefly summarize the basic steps of motion
data recovery algorithm to clarify the details of this
approach, as follows.

(1) Find point Pt in the previous frame, which cor-
responds to a specific missing point.

(2) Determine the three nearest points to Pt, i.e.,
Pt1, Pt2, and Pt3, as well as the distance set d1,
d2, and d3, and the vector set V1, V2, and V3 for
the nearest points in the previous and current
frames.

(3) To normalize each distance, it is necessary to
determine the sum dall of the distance set.

dall = d1 + d2 + d3 (3)

(4) The improved formula for the facial muscle
mechanism is based on using the movements
of three neighbors to determine the movement
of missing one. As the weight increases, the dis-
tance becomes nearer to the missing point. The
sum of the weights for the three neighbors is
close to 1, which indicates that the three neigh-
bors represent all of the effects of the missing
point. The weight wi of the vector set is deter-
mined using the improved formula (4), which is
designed for three neighbors.

ωi =
⎡
⎣1 + cos

(
di

dall
× π

)
2

⎤
⎦

4

(4)

(5) To determine the displaced point Pt′ based on
the predicted current missing point, we need to
add the point Pt to the calculated effect of the
motion vector. For only three neighbors, we use
formula 5.
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P ′
t = Pt +

3∑
i=1

ωiVi (5)

3.2.2. Data recovery based on more than three
neighbors

Our method employs a muscle motion mechanism to
use the neighborhood structure to determine the posi-
tion of missing or occluded markers during capture.
We only employ three neighbors to recover the missing
point, which provides a fair result. However, most pre-
vious studies used more than three points, e.g., one-ring
neighbors, to recover the missing point. To compare
our method with previous approaches, we designed
another formula for determining the weights, which
was adapted to more than three neighbors.

(1) To use more than three neighbors to predict the
missing point, we designed another formula for
wi, which is shown in (6):

ωi = cos

(
di − Rs

Rf − Rs
× π

2.5

)
(6)

where Rs is the nearest neighbor to the missing point
and Rf is the most distant neighbor. This formula is
adapted for the muscle motion mechanism.

(2) To determine the displaced point Pt′ based on
the prediction of the current missing point, we
use the following formula (7).

Pt′ = Pt +

n∑
i=1

(ωiVi)

n∑
i=1

ωi

(7)

4. Noise reduction based on curve fitting

Our data recovery algorithm makes a contribution
to the automatic maintenance of the naturalness of
facial animation. In some cases, however, the outcomes
of data recovery cannot satisfy the needs of users.
Thus, we propose a technique that allows a more flex-
ible motion trajectory, where curve fitting is applied
to reduce the noise and to yield a smooth motion
trajectory.

During the processing of captured facial motion
data, few methods employ B-spline curve fitting to
reduce the noise. Thus, given the continuity of the
curve and the simplicity of this computation, we devel-
oped a noise reduction method based on quasi-uniform

B-spline fitting to smooth motion data. However, a low-
order B-spline could not obtain a good result because
of its simplicity and it failed to smooth the motion tra-
jectories. By contrast, a high-order B-spline produced a
smooth result but it lost some details of the motion data,
while it also required complex computations. There-
fore, we perform preprocessing to eliminate impulsive
noise and we then apply the proposed third-order quasi-
uniform B-spline-based fitting method to reduce noise.

Smooth motion trajectories are obtained using these
two processes for noise reduction. The first is prepro-
cessing based on a mid-value filter to reduce impulsive
noise. The second is noise reduction based on B-spline
curve fitting to obtain a smoother motion trajectory.

4.1. Impulsive noise removal

4.1.1. Impulsive noise model
The statistical analysis of impulsive noise uses the

noise produced by spatial feature markers in a time-
series. We build a model of impulsive noise and
describe the temporal distribution of the noise data. The
amplitude of the impulsive noise components should
be large for impulsive noise-embedded motion data.
The noise components are identified as coefficients
with high magnitudes. The reduction of impulsive
noise follows a two-step procedure: the identification
of noise components; and the replacement of noise
components with interpolated components, using their
neighboring coefficients.

4.1.2. Impulsive noise processing
Impulsive noise preprocessing is conducted as fol-

lows. If the given geometric appearance of most of
the control points is smooth and only a few control
points are not smooth (referred to as a “bad point” or
impulsive noise), we use a method that modifies the bad
point to eliminate impulsive noise. The impulsive noise
reduction procedure follows a two-step procedure: (1)
identification of bad points; and (2) modification of bad
points.

(1) Identification of bad points

Given control points Pj(j = 0,1,2, . . . ,n), the thresh-
old k for judging bad points is given by (8).

k =

n∑
i=1

Pi−1Pi

n
(8)
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Fig. 4. Motion tracking chart with impulsive noise and curve fitting with reprocessing. (a) Motion tracking chart with impulsive noise. (b)
Trajectory chart after curve fitting based on preprocessing. (c) Motion tracking chart with impulsive noise and the curve fitting chart obtained
by preprocessing.

Bad points are indentified using formula (9):

{
Pi-1Pi ≥ 1.5k

PiPi+1 ≥ 1.5k
(9)

where Pi denotes a bad point. The value of i ranges
between 1 and n-1. k represents the threshold used to
judge bad points, the value of which is dynamic and it
changes with the trajectories of different markers.

2) Modification of bad points

We use a mid-value filter to replace the bad point.
Given that Pi is a bad point, the formula used to modify
it is as follows.

Pi = Pi−1 + Pi+1

2
(10)

Thus, Pi is modified to replace the bad point.
For clarity, we briefly describe the preprocessing

of impulsive noise in tracked motion data, where the
results are shown in Fig. 4.

As shown in Fig. 4, the motion trajectory of a point
is not sufficiently smooth because of the effect of
impulsive noise. However, it becomes smoother after
preprocessing, mainly because the effect of impulsive
noise is eliminated.

4.2. B-spline curve fitting

4.2.1. B-spline curve
The starting points of the B-spline defined by Clark

[14, 15] are as follows:

1) This is a local approach, rather than interpolation
for the given points;

2) There are continuity requirements between
neighbors that approach curve segments.

The most commonly used mathematical representa-
tion of an n-order B-spline curve is given by (11):

Pi,n(t) =
n∑

k=0

Pi+kFk,n(t) (11)

Fk,n(t) = 1/n!
n−k∑
j=0

(−1)jCj
n+1(t + n − k − j)n (12)

where Pi+k is a control point and Fk,n (t) represents
the corresponding base function to Pi+k. t ∈ [0, 1].
In the formula (10), i = 0, 1, 2, . . . , m − 2, m − 1, m.
Thus, based on the formula given above, a B-spline
curve is defined by segments. Given m + n + 1 points
Pi (i = 0, 1, 2, 3, . . . , m + n), we can define m + 1
segments of an n-order parametric curve.

4.2.2. Curve-fitting algorithm
In this section, we describe the performance of

sequence-level facial motion data processing after data
recovery and preprocessing. In addition to eliminat-
ing the impulsive noise using a mid-value filter, we
can also edit a sequence of frames by manipulating
the corresponding B-spline curve-based fit directly to
reduce the remaining noise. We selected a B-spline
curve to reduce noise mainly because of its smooth
interpolation and local control properties.

The order of a B-spline is correlated to its compu-
tational complexity, so it is necessary to consider this
problem for the B-spline order we aim to use. The use
of a high-order curve to reduce noise can produce a
smooth motion trajectory but it may cause the loss of
some detailed information, and it also has high compu-
tational complexity. By contrast, the use of a low-order
curve cannot produce a sufficiently smooth motion tra-
jectory but it retains detailed motion information and
has good real-time performance. Given the preprocess-
ing method used for impulsive noise described above,
we can simply offset the shortcomings of curve fitting
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Fig. 5. Facial Mo-Cap environment (a) and facial marker setup (b).

by using a low-order curve. Thus, we use third-order
quasi-unique B-spline-based fitting to reduce the noise
to obtain adequate motion trajectory results.

The ends of the third-order B-spline curve are not
located at the margins of the polygon, or at the start and
end points. Thus, we need to design the curve to start
or end at a given point, so we use the quasi-uniform B-
spline curve, triple vertex method [16] to reduce noise.
The curve used in this method passes through the start
and end points of the motion trajectory.

In our experimental study, an actress with 60 mark-
ers on her face was asked to perform facial expressions.
We focused on fitting the trajectories of these 60 mark-
ers by using a third-order B-spline curve to reduce
the noise, which was conducted as follows. First, the
valid traced points and the control points of each tra-
jectory were obtained. Second, the 3D coordinates of
the traced points were calculated based on the control
points. Finally, the calculated traced points were used
to process the traced motion data to obtain a smooth
motion trajectory.

5. Results

To test the feasibility of our proposed methods, we
developed a data processing system for passive optical
Mo-Cap.

To test the robustness and efficiency of the system,
we performed several experiments related to motion
tracking, data recovery, impulsive noise preprocess-
ing, and reduction of the remaining noise based on
curve fitting. The experimental details are provided in
this section. The test platform was a compatible PC
with a Pentium(R) Dual-Core CPU E5400 processor,
2 GB of memory, and the operating system was Win-
dows 7. The methods used were based on the nonlinear

relationships among neighbors with the muscle motion
mechanism, which had a high level of computational
complexity.

5.1. Experimental setting

We processed motion data captured by a passive
optical Mo-Cap system, DVMC-8820 [17], which
comprised eight infra-red (IR) cameras with four
million pixels and a capture rate of 60 Hz. In the exper-
iment, 60 IR sensor markers were placed on the faces
of performers. During performances, head movements
were restricted within a small range, i.e., the rotation
angle was <5◦ and global shifts were less than 1/20th
of the head length, as shown in Fig. 5.

5.2. Experimental results and analysis

To validate the feasibility of the data recovery and
noise reduction methods proposed in Sections 3 and 4,
we performed experiments based on the VC++ plat-
form and using an OpenGL graphic library, which
addressed the common problems of missing data and
noise. The results were as follows.

(1) Validation of the motion data recovery method

To confirm the validity of our method, we imple-
mented Guenter’s [2] algorithm, which uses the
average displacements of valid neighbors to recover
missing points, whereas our method uses three neigh-
bors. We also used the algorithm proposed by Lin and
Ouhyoung [1], which employs the weighted sum of
the displacements of more than three neighbors, and
we designed a new formula to generate the weights.
Our method uses the muscle motion mechanism for
three neighbors to recover missing data. Finally, we
reconstructed the facial expressions from the recovered
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Fig. 6. Frames showing facial motion reconstruction with different recovery methods.

motion data using all three recovery methods and the
results are shown in Fig. 6.

In Fig. 6, the blue points are the captured motion
data and the red points are the recovered motion data.
As shown in Fig. 6, when the mouth moved frequently
with large variations, missing data and noise were often
present in the captured data, so the animation pro-
duced using these data to reconstruct facial expressions
was discontinuous and unnatural. To address this prob-
lem, we applied three separate recovery methods to
our captured motion data. To validate our method’s
validity, we reconstructed facial motion expressions
using Guenter’s [2] algorithm with three neighbors,
and we also conducted facial reconstruction with Lin
and Ouhyoung’s [1] method based on the weighted
summation of the displacements neighbors to recover
missing data. Finally, we complete the facial recon-
struction process using our method based on the muscle
motion mechanism with three neighbors. Figure 6
shows that the animation produced using our method
was more natural and realistic than those obtained with
the algorithms proposed by Guenter and Lin and Ouhy-
oung. In our method, we only use three neighbors to
obtain fair results, which is a simple approach.

(2) Validation of the effect of preprocessing

To validate the effects of preprocessing, we
performed additional experiments using the same con-
ditions and the results are shown in Fig. 7.

In Fig. 7, the blue points are the captured points and
the yellow points are the recognized impulsive noise.
As shown in Fig. 7, impulsive noise was embedded
in the captured motion data. The motion trajectory
was not sufficiently smooth after curve fitting with-
out preprocessing, which was mainly attributable to
impulsive noise. However, it was smoother after using
preprocessing to eliminate the impulsive noise.

(3) Validation of the effects of using high- or low-
order B-spline curves for curve fitting

Curve fitting was completed by modifying the order
of curve in the same conditions as the other experi-
ments, and the results are shown in Fig. 8.

In Fig. 8, the motion trajectories of two points are
assumed on and curve fitting was performed based
on B-spline curves with different orders. As shown
in Fig. 8, the curve-fitting results became smoother as
the order of the curve increased, but the complexity
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Fig. 7. Trajectories produced for four points using different methods.

Fig. 8. Trajectories produced using two points with different methods.

also increased. After comparing the effects of low-
order curve fitting with preprocessing, we found that
the results obtained with low-order curve fitting and
preprocessing were better than those with high-order
curve fitting without preprocessing. Based on the com-
putational complexity and the curve-fitting results, we
used a third-order quasi-uniform B-spline to complete
curve fitting with preprocessing. To support this con-
clusion, we calculated the variances of the vectors

grouped using two neighbors in the motion trajectory
with and without preprocessing. The results are shown
in Table 1.

As shown in Table 1, the variances of the motion tra-
jectory without preprocessing became smaller as the
order of the curve increased and the motion trajec-
tory became smoother. However, the variance obtained
using third-order curve fitting with preprocessing was
smaller than that with high-order curve fitting without
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Table 1
Comparison of the variances based on curve fitting with and without reprocessing

variance Without preprocessing With preprocessing

Trajectory 3-order 4-order 5-order 6-order 7-order 3-order

Trajectory 1 0.0525081 0.0397194 0.0318661 0.0265171 0.0228267 0.0327899
Trajectory 2 0.0767762 0.0577493 0.0465663 0.0391085 0.0338817 0.0393396
Trajectory 3 0.0199221 0.0157452 0.0131446 0.0114090 0.0102553 0.0105272
Trajectory 4 0.0594217 0.465779 0.0394040 0.0348019 0.0316751 0.0387226
Trajectory 5 0.0874339 0.0771959 0.0709256 0.0666266 0.0635580 0.0658072
Trajectory 6 0.0552419 0.0494668 0.0460674 0.0437914 0.0422197 0.0431175

Fig. 9. Frames showing reconstruction using the overall motion data processing method.

preprocessing. Thus, given the simplicity of this
approach and the fitting results, we reduced the remain-
ing noise using a third-order B-spline curve with
preprocessing.

(4) Validation of the reconstruction results obtained
using the overall motion data processing method

In Fig. 9, the green points are the captured motion
data and the red points are the recovered data. If a
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point was missing, the lines between the point and
its neighbors were not drawn. In Fig. 9, the captured
motion data are scattered and there no relationships
among them. Thus, we conducted motion tracking
processing to obtain each point’s trajectory and there
were missing points in some frames. Using the tracked
motion data, we recovered the missing points with our
method. To generate a smooth facial motion trajectory,
we reduced the noise using B-spline curve-based fitting
and obtained fair results.

We conducted numerous facial motion data pro-
cessing experiments using our system, including
demonstrating the efficiency of preprocessing, the
fit quality of B-spline curves with different order,
the effects of motion data recovery using differ-
ent methods, and assessments of the naturalness of
the reconstructed animations produced by processing
facial motion sequences.

In this study, we improved the muscle motion
mechanism proposed by Waters [13] by using the
movements of three neighbors to predict the move-
ment of a missing point. Based on a mid-value
filter, we conducted preprocessing to reduce impul-
sive noise. We also reduced the remaining noise using
third-order quasi-uniform B-spline curve-based fitting,
which obtained a smooth motion trajectory. Our over-
all method facilitated real-time animation and obtained
fair facial motion reconstruction results. The demon-
stration video of the results can refer to Ref. [18].

6. Conclusions

In this study, we developed a 3D facial Mo-Cap sys-
tem, where a data recovery method based on a muscle
motion mechanism with three neighbors was used to
recover missing data. We also developed a noise reduc-
tion method that used B-spline based curve fitting after
preprocessing.

Based on tracked facial motion data, a muscle
motion mechanism using three neighbors was applied
to reconstruct the missing data. However, the data
recovery approach proposed by Waters [13] used only
one muscle to recover the movement of a missing point,
which often led to problems with distortion because it
ignored the correlations among neighbors. The success
of our method is attributable to the use of the mus-
cle motion mechanism and our exploitation of the rich
correlations in captured facial motion data.

For impulsive noise preprocessing, a noise reduction
method based on B-spline fitting was used to smooth

motion trajectory. This method automatically avoids,
or at least minimizes, the effects of impulsive noise
by preprocessing. Furthermore, the B-spline curve is a
powerful and flexible fitting method, which produces
a smooth motion trajectory. Preprocessing impulsive
noise based on a mid-value filter also compensated for
the weaknesses of the fitting results obtained using a
low-order B-spline curve, thereby yielding a smooth
motion trajectory.

Using these methods, we implemented the overall
data processing procedure, which was highly effi-
cient and it met the requirements by producing natural
facial expressions. Fair results were obtained using
our method but there is still a problem because our
method requires manual intervention. The key focus
of our future research is to design a robust method that
can be used for marker-less facial deformation-based
tracking.
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