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Example-based Human Motion Denoising
Hui Lou and Jinxiang Chai

Abstract—With the proliferation of motion capture data, interest in removing noise and outliers from motion capture data has increased.
In this paper, we introduce an efficient motion denoising technique for simultaneous removal of noise and outliers in corrupted human
motion data. The key idea of our approach is to construct a series of filter bases from prerecorded human motion data and use them
along with robust statistics to filter corrupted human motion data. Mathematically, we formulate the motion denoising in an optimization
framework. The objective function measures distance between the filtered motion and noisy input as well as how well the filtered motion
matches spatial-temporal patterns embedded in natural human motion. Optimizing the cost function not only filters noise and outliers
in corrupted motion but also preserves spatial-temporal patterns of natural human motion. We demonstrate the effectiveness of our
system by experimenting with both real and simulated motion data, and by comparing with baseline methods and existing commercial
softwares such as Vicon Blade. We also show the effectiveness of our algorithm on filling in missing values of motion capture data.

Index Terms—motion capture data, motion data processing, statistical data analysis, filtering, optimization, robust statistics
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1 INTRODUCTION

ONE of the most popular approaches for creating
realistic human animation is to use motion capture

data. A recent notable example of motion capture data is
the movie Beowulf, where prerecorded motion data was
used to animate all characters in the film. Meanwhile, in
the animation community, a number of researchers have
explored how to edit, transform, interpolate, retarget and
recompose the motion data for new applications.

All these exciting applications and developments start
with accurate capture of human motion data. However,
even with high-fidelity and expensive motion capture
systems, captured motion data might still contain noise
and outliers that must be removed before further pro-
cessing. For example, motion data recorded by optical
systems such as Vicon [33] often includes outliers and
missing data due to marker occlusions and mislabeling.
Motion data captured by inertial or magnetic systems
is often corrupted by sensor noise, output drifting, and
environment disturbances. Post-processing of noisy data
often requires manual user editing which is not only
time-consuming but also error-prone.

Human motion denoising is challenging because hu-
man motion is highly coordinated movement and the
movements between different degrees of freedom are
not independent. Standard signal denoising techniques
such as Gaussian low-pass filter and Kalman filter [28]
often process each degree of freedom independently.
Therefore, the filtered motion cannot preserve spatial-
temporal characteristics embedded in natural human
motion. The problem becomes more complicated when
motion capture data contains a certain percentage of
outliers or missing values.
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In this paper, we propose an efficient data-driven
technique for human motion denoising that not only
filters corrupted motion data but also keeps spatial-
temporal patterns in human motion data (see Fig. 1).
The key idea of our approach is to construct a series of
spatial-temporal patterns from prerecorded high-quality
motion data and use them to filter corrupted human
motion data. Mathematically, we formulate the motion
denoising problem in a nonlinear optimization frame-
work. The objective function measures residual between
the filtered motion and corrupted input as well as how
well the filtered motion preserves spatial-temporal hu-
man motion patterns. Optimizing the objective function
generates high-quality human motion data “closest” to
the input data.

We have evaluated the performance of our algorithm
in terms of both real and synthetic motion data. Our
experiments show our algorithm works well for both
joint-angle data (.amc file) and marker position data
(.c3d files). The quality of the filtering motions pro-
duced by our system depends on the percentage of
outliers and scale of noise level in the motion data.
We, therefore, evaluate how increasing or decreasing the
number of outliers or noise scales influences the final
results. Finally, we show the superior performance of our
algorithm by comparing with one of the most advanced
commercial motion capture softwares (Vicon Balde) and
three baseline motion denoising techniques, including
Gaussian filter, general Kalman filter, and data-driven
Kalman filter.

2 BACKGROUND

This section briefly reviews related work in human
motion denoising. Our algorithm is data driven–the sys-
tem automatically learns spatial-temporal patterns from
human motion data and uses them along with robust
statistics for filtering outliers and noise in corrupted
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Fig. 1. Example-based human motion denoising: (top) corrupted motion data; (bottom) filtered motion data.

motion data. Consequently, we also discuss related work
in spatial-temporal human motion modeling and robust
statistics.

One popular approach for denoising human motion
data is to apply standard low-pass filters such as Gaus-
sian filter to noisy input data [7], [18], [32]. For example,
Lee and Shin [18] presented a linear time-invariant fil-
tering framework for filtering orientation data by trans-
forming the orientation data into their analogues in a
vector space, applying a filter mask on them, and then
transforming the results back to the orientation space.
Similar low-pass filters have also been implemented
in commercial motion capture packages such as Vicon
Blade [32].

An alternative solution is to use the Kalman filter
framework [28] to sequentially filter noise present in
human motion data [25], [27], [34]. In particular, Shin
and his colleagues [25] applied the Kalman filter to
transform the movements of a performer recorded by
an online optical motion capture system to an animated
character in real-time. Tak and Ko [27] adopted an un-
scented Kalman filter framework and used it to convert a
sequence of animation motion into a physically plausible
motion sequence.

Our motion denoising system transforms a sequence
of corrupted motion data into high-quality human mo-
tion data. Unlike previous work, our denoising process
is data-driven; the filter bases used for motion denoising
are automatically constructed from prerecorded human
motion data. One advantage of the data-driven denois-
ing approach is to preserve spatial-temporal patterns
embedded in natural human motion data. More impor-
tantly, it allows us to detect and remove outliers, and
fill in missing values, a capability that has not been
demonstrated by previous approaches.

A number of researchers have also explored filtering
techniques for transforming human motion data into

physically correct motion [31], [24] or cartoon anima-
tion [29]. For example, Yamane and Nakamura [31] intro-
duced a dynamics filter to convert a physically infeasible
source motion sequence into a feasible one. Recently,
Wang and his colleagues [29] presented the cartoon ani-
mation filter that takes an arbitrary input motion signal
and modulates it in such a way that the output motion is
more “alive” or “animated”. But none of these systems
attempted to process human motion data corrupted with
outliers, noise and missing values.

Our motion denoising algorithm models spatial-
temporal correlations between degrees of freedom in
human motion. Other researchers have also constructed
spatial-temporal models from human motion data and
used them in such applications as motion synthesis [20],
[10], [3], [19], [21], [5], inverse kinematics [11], [4], motion
compression [1], [17], motion quantification [23], motion
registration [6], and footskate detection [14]. Our work
is different because we construct a series of spatial-
temporal filters with multi-channel singular spectrum
analysis (M-SSA) [26], [9] and use them for a new
application–human motion denoising. M-SSA has also
been successfully applied to many practical problems
in geophysics [9]. In this work, we extend the M-SSA
to model high-dimensional human motion data and use
it for reducing noise, removing outliers and filling in
missing data.

To deal with outliers, we apply robust estimators [13],
[12] to measure residual between the filtered motion and
noisy input. The robust statistics has also been applied
to deal with outliers in many problems of graphics
and vision, such as 3D mesh smoothing [15], surface
reconstruction [8], optical flow estimation [2], and image
matching [30].
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Fig. 2. Reconstruction errors vs. number of filter bases for
human motion data with window size 20. The reconstruc-
tion error is evaluated via cross-validation techniques.

3 HUMAN MOTION DENOISING

The goal of this paper is to develop a human motion de-
noising algorithm that can reduce noise, remove outliers,
and fill in missing data simultaneously. Our solution
is to construct a series of data-driven filter bases from
prerecorded human motion data and use them along
with robust statistics for human motion denoising. This
section is organized as follows: we explain how to con-
struct filter bases from prerecorded motion data (Section
3.1), and discuss how to deal with outliers in corrupted
human motion data (Section 3.2). We then formulate the
denoising problem in an optimization framework and
introduce an object function for human motion denoising
(section 3.3). We develop an efficient, iterative algorithm
for optimization of the object function in Section 3.4 and
extend the framework for filling in missing values in
Section 3.5.

3.1 Construction of Filter Bases

The key idea of our approach is to construct a number
of filter bases that resemble spatial-temporal patterns
in natural human motion. We model a series of filter
bases using multi-channel singular spectrum analysis
(M-SSA) [26], [9]. Applying the M-SSA to human motion
data allows us to identify a set of orthogonal spatial-
temporal patterns embedded in natural human motion
data. For simplicity, we focus our description on con-
structing M-SSA from one motion sequence.

Let {xl(t) : l = 1, ..., L; t = 1..., N} be a sequence
of prerecorded high-quality motion capture data, where
N is the number of total frames and L is the total
number of degrees of freedom for a character pose. Let
xt = (x1(t), ..., xL(t))T denote a character pose at frame t.
Similarly, let {yl(t) : l = 1, ..., L; t = 1..., T} be a sequence
of corrupted motion data and let yt = (y1(t), ..., yL(t))T

denote its character pose at frame t, t = 1, .., T .
We form a channel-specific trajectory matrix Xl by

augmenting each channel {xl(t) : t = 1, ..., N} of the

data with SN lagged copies of itself:

Xl =


xl(1) xl(2) . . . xl(M)
xl(2) xl(3) . . . xl(M + 1)
· · . . . ·

xl(SN ) xl(SN + 1) . . . xl(N)

 ,

(1)
where M is the size of the lagged windows and SN is
the total number of the lagged windows: N −M + 1.

We then form a fully augmented trajectory matrix:

D =
(
X1 X2 . . . XL

)
. (2)

To find the spatial-temporal correlation in degrees of
freedom of human motion data, we can compute a grand
lag covariance matrix CD as follows:

CD = DTD
SN

=


C1,1 C1,2 . . . C1,L

· C2,2 . . . ·
· · . . . ·

CL,1 CL,2 . . . CL,L

 , (3)

where the blocks of CD are given by

Cl,l′ =
XT
l Xl′

SN
, l, l′ = 1, ..., L, (4)

with entries

(Cl,l′)j,j′ =
∑SN

n=1 xl(n+ j − 1)xl′(n+ j′ − 1)
SN

, j, j′ = 1, ...,M.

(5)
The covariance matrix Cl,l′ computes the covariance
between trajectories of the l-th dof and the l′-th dof
within a window of size M . The grand lagged covariance
matrix CD is a symmetric ML by ML matrix, and it
encodes spatial-temporal correlation of all degrees of
freedom within a window of M frames. For example,
(C3,4′)1,2′ encodes the correlation between the 3-th dof
of the first frame and the 4′-th dof of the second frame
within a window of M frames. M-SSA applies singular
value decomposition to the grand lag covariance matrix
and extracts most frequent spatial-temporal patterns in
human motion data.

Diagonalizing the grand lagged covariance matrix
yields ML eigen-vectors {ek : k = 1, ...,ML}. The ML
eigen-vectors provide a set of orthogonal filter bases,
which can be used to reconstruct any segments of human
motion data with a window of size M :

y1:M =
ML∑
k=1

< ek,y1:M > ek, (6)

where the vector yM stacks all data points in the M -
frame long window and the operator <> represents the
dot product between two vectors. In practice, spatial-
temporal redundancy of human movement allows us
to reconstruct a segment of natural human motion data
y1:M with a very small number of spatial-temporal pat-
terns. Fig. 2 shows that for a particular action such as
walking, 50 filter bases might be sufficient to model data
variation within a window of size 20.
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(a) (b) (c)

Fig. 3. The differences between the robust estimator (Welsch function) and least square: (a) the function for measuring
the residual distance (r) between the reconstructed motion and noisy measurement (ρ(r)); (b) the influence function
for each data point (φ(r) = ∂ρ(r)

∂r ); (c) the weights for each data point (φ(r)
r ). Note that the weights for outliers become

zero for robust estimators.

Conceptually, the orthogonal bases are similar to
“sine” and “cosine” waves in Fourier analysis. We there-
fore can design a similar “low-pass” filter with con-
structed orthogonal bases ek and a user-defined cutoff
threshold K. For example, we can pass frequent motion
patterns but attenuate (reduce the amplitude of) improb-
able motion patterns. This motivates us to design the
following “low-pass” filter:

z1:M =
K∑
k=1

< ek,y1:M > ek, (7)

where the vector z1:M is the filtered motion which stacks
all data points in the M -frame long window, and the
cutoff threshold K is usually chosen by keeping 99% of
the original motion energy.

3.2 Dealing with Outliers

Real motion capture data often contains outliers due
to marker occlusions and mislabeling. The “low-pass”
filter described in Equation (7) will not work well for
noisy data corrupted with outliers because least-square
solutions (i.e. the dot product between the input data and
eigen patterns) give too much influence to outliers, and
a single degree of freedom with a large error (an outlier)
will deteriorate the solution dramatically (see Fig. 3).
We therefore introduce robust estimators to remove the
influences of outliers.

Robust estimation measures the distance between the
reconstructed data zl(t) and noisy data yl(t) with a
robust estimator ρ:

Edata(z1:T ,y1:T ) =
∑
t

∑
l

ρ(zl(t)− yl(t)), (8)

where the robust estimator ρ is a function of residual
between the noisy data and reconstructed data. The
derivative of this function characterizes the bias that
a particular measurement has on the solution. In the
least-square case, the influence of data points increases
linearly and is unbounded.

To increase robustness we only consider estimators
for which the influences of outliers tend to zero (see
Fig. 3). We choose the Welsch estimator but the treatment
here could be equally applied to a wide variety of other
estimators. A discussion of various estimators can be
found in [13], [12].

Mathematically, the Welsch robust function is defined
as follows:

ρ(r) =
p2

2
(1− exp(−r

2

p2
)), (9)

where the scalar p is a parameter for the robust estimator
and r is the residual between the measured data and
reconstructed data, which equals to zl(t) − yl(t) from
equation (8).

3.3 Objective Function

We now combine the “low-pass” filter (Equation 7) with
the robust estimator (Equation 8) for robust denoising
of corrupted motion data. We formulate this as an opti-
mization problem by reconstructing the original motion
z1:M = {zl(t) : l = 1, ..., L; t = 1...,M} as well as the
reconstruction coefficients c directly from the corrupted
motion data y1:M = {yl(t) : l = 1, ..., L; t = 1...,M}:

ĉ, ẑ1:M = arg min
c,z1:M

M∑
i=1

L∑
l=1

ρ(zl(i)−yl(i))+λ1‖z1:M−Ec‖2,

(10)
where the matrix E = [e1 . . . eK ] stacks the spatial-
temporal patterns reconstructed from prerecorded hu-
man motion data. The first term is the robust estimation
term defined in Equation (9), and it makes sure the
reconstructed data stays as “close” as possible to the
original data (while discarding outliers at the mean
time). The second term is reformulated from the “low-
pass” filter described in Equation (7), and it measures
how well the reconstructed motion preserves the dis-
covered spatial-temporal human motion patterns. The
weight λ1 controls the importance of two terms.

To filter a motion sequence y1:T of the length T , we
slide a window of the size M throughout the entire
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sequence. We filter the entire input sequence in a batch
mode. After summing over the optimization functions
of all the sliding windows, we have

{ĉs, ẑt} = arg min{cs},{zt}
∑T
t=1

∑L
l=1 ρ(zl(t)− yl(t))+

λ1

∑S
s=1 ‖zs,1:M − Ecs‖2,

(11)
where the vectors cs and zs,1:M are the reconstruction
coefficients and motion for the sliding window starting
at frame s respectively. The parameter S = T −M + 1
is the total number of sliding windows used for data
filtering. The first term evaluates the distance between
the measured motion data y1:T , and filtered motion data
z1:T across the entire sequence. The second term makes
sure that in the constructed motion z1:T , any M-frame
motion segments in the filtered motion preserve spatial-
temporal patterns embedded in human motion data.

3.4 Iterative Optimization

The total energy function (Equation 11) has two groups
of unknowns: the reconstruction coefficients cs, s =
1, ..., T −M +1 for each sliding window, and the filtered
motion data z1:T across the entire sequence. The total
number of the optimization parameters is K ∗ (T −M +
1) + T ∗ L.

Direct optimization of the energy function might not
be desirable. In particular, when T is large, the system
might run out of memory. The optimization might also
become very slow and be prone to fall into local min-
ima. To address these issues, we introduce an iterative
optimization algorithm to decompose the above large
optimization problem into a series of small optimization
problems that can be solved efficiently.

We perform an iterative procedure to optimize the ob-
ject function. In each iteration, we keep one group of the
unknowns constant and search for the optimal update
for the second group. More specifically, we initialize the
filtered motion ẑ1:T with the noisy data y1:T . We then
iteratively update the filtered motion and reconstruction
coefficients as follows: (a). keep the filtered motion ẑ1:T

constant and seek the optimal coefficients cs; (b). keep
the reconstruction coefficients cs constant and update the
filtered motion ẑ1:T .

3.4.1 Weight Update

In this step, we keep the filtered motion constant and
seek the optimal coefficients cs. With the fixed motion
ẑ1:T , we can estimate the optimal coefficients cs by
decomposing the whole optimization function into S
independent quadratic functions:

ĉs = arg mincs
‖ẑs,1:M − Ecs‖2, s = 1, ..., S. (12)

This simple quadratic objective function has a closed-
form solution:

{ĉs} = ET ẑs,1:M , s = 1, ..., S. (13)

3.4.2 Motion Update
After we update ĉs, we keep it temporarily constant and
use it to update ẑ1:T . This allows us to decompose the
whole optimization function into the T smaller indepen-
dent optimization functions:

ẑt = arg minzt

∑
l ρ(zl(t)− yl(t))

+λ1

∑m=min{M,t}
m=max{1,t−T+M} ‖zt − Emĉkt−m+1‖2, t = 1, ..., T,

(14)
where the matrix Em is a L×K matrix that stacks rows
M(l − 1) + m, l = 1, ..., L of the matrix E. The min and
max functions are used to deal with the first and the last
M − 1 frames respectively.

The above optimization can be formulated as an it-
eratively re-weighted least square (IRLS) problem [12],
[22]. After applying IRLS to the objective function in
Equation (14), we can iteratively solve the following
weighted least-square problem:

ẑt = arg minzt

∑
l wl(t)(zl(t)− yl(t))2

+λ1

∑m=min{M,t}
m=max{1,t−T+M} ‖zt − Emĉkt−m+1‖2, t = 1, ..., T,

(15)
where wl(t) = ϕ(zl(t)−yl(t))

zl(t)−yl(t)
and ϕ(.) is the derivative of

the Welsch function ρ(.)

3.4.3 Iterative Optimization Procedure
The final motion denoising algorithm iteratively updates
the motion across the entire sequence. The iterative
procedure is outlined as follows:

1. Initialize ẑ0
1:T = y1:T

2. Update the coefficients ĉs and motion ẑ1:T

2.1. Update ĉs = ET ẑs,1:M s = 1, ..., S
2.2. Update motion ẑ1:T with IRLS techniques.

3. Repeat step 2 until the change of energy function
value is smaller than a user-defined threshold.

The algorithm converges fast and it typically runs
about 10 to 20 iterations in our experiments.

3.4.4 Post Processing
Given an appropriate set of training data, the data-
driven denoising algorithm transforms corrupted motion
data into high-quality motion. However, the filtered
motion may violate kinematic constraints imposed by
the environment, particularly when the input motion is
corrupted by large scale noise or high percentages of
outliers. The most visible artifact is footskate. The system
uses the method in [16] to correct the footskate artifact.

3.5 Missing Data Fill-in
Motion capture data from optical motion capture sys-
tems often contains missing values due to marker oc-
clusions. Our framework can easily be extended for
filling in missing values in motion capture data. We
assume that the index to missing data points is known
in advance (this is often the case for optical motion
capture systems). We use binary weights αl,t ∈ {0, 1}, l =
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Fig. 4. Motion generalization: (top) training data set, filtered motion, and input noisy motion for knee joint; (bottom)
training data set, filtered motion, and input noisy motion for thorax joint. Note that knee joint is corrupted by outliers
across the entire motion while the thorax joint is not corrupted by any outliers.

1, ..., L, t = 1, ..., T to indicate whether or not the ob-
served data point yl(t) contains missing data.

To reduce noise and remove outliers as well as fill in
missing data, we can optimize the following objective
function:

{ĉs, ẑt} = arg min{cs},{zt}
∑T
t=1

∑L
l=1 αl,tρ(zl(t)− yl(t))

+λ1

∑S
s=1 ‖zs,1:M − Ecs‖2.

(16)
Similarly, we use the iterative procedure described in
Section 3.4 to efficiently optimize the above objective
function.

4 RESULTS

We have evaluated the performance of our algorithm
on both real and simulated data. Our algorithm works

well for both joint angle data (.amc) and marker position
data (.c3d). We also compare with three baseline algo-
rithms and a commercial motion capture software (Vicon
Blade). Our results are best viewed in the accompanying
video although we show sample frames of a few results
here.

In our experiments, all the data was originally cap-
tured at 120 fps and then downsampled to 30 fps. We
set the window size (M ) to 20 frames. We automatically
determine the number of bases (K) by keeping the
energy to be 99%, that is, the energy of the first K largest
eigen values is around 99% of the total energy. We also
experimentally set the parameter of Welsch estimator (p)
and weight (λ1) to 3 and 0.1 respectively. Our training
database is behavior-specific and typically contains a
small number of motion examples with different style
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Fig. 5. Comparisons of our method with ground truth data and other signal denoising techniques for one joint angle
of thorax: (left) our results vs. ground truth data; (right) our result vs. results obtained by other methods.

Fig. 6. Comparisons of our method with other signal denoising techniques: (left) reconstruction errors vs. different
noise levels; (right) reconstruction errors vs. different percentages of outliers.

variations. For example, the training data for walking
contains five walking examples with different speeds
and step sizes. The accompanying video and Fig. 4 show
the training examples and filtered motion as well as the
corrupted motion for results shown in Fig. 1.

4.1 Testing on Real Data

We have evaluated the performance of our algorithm on
real motion data, which is recorded by optical motion
capture systems (Vicon). Due to occlusions and marker
mislabeling, real mocap data from the Vicon system
often contains a certain percentage of missing values and
outliers. We tested our algorithm for denoising corrupted
motion in both original marker position space (.c3d files)
and joint-angle space (.amc). Fig. 1 and Fig. 7 show
the results in joint angle space and marker position
space respectively. Most corrupted data reported here
are from the CMU online mocap library. For example,
we constructed filter bases from two online motion

files “83-04.c3d” and “83-55.c3d” and then use them
to denoise one corrupted motion sequence “83-68.c3d”.
All three files are from the same subject (83). Our ex-
periments show that our algorithm can filter motions
whose variations are not in the database. For example,
Fig. 4 visualizes joint angle data (knee and thorax) of the
training examples, the filtered motion and input motion.
Obviously the reconstructed motion has a different phase
and scale from the training data set.

We also tested our algorithm on filling in missing
data in both joint angle and marker position space.
Fig. 8 shows sample frames of our results, where all
the markers on both arms are completely missing. The
accompanying video shows comparison with one of the
most advanced motion capture softwares Vicon Blade.
Our method produces much better results than Vicon
Blade. For example when markers on both arms are
missing throughout the motion, Vicon Blade fails to
handle this case. In contrast, our algorithm successfully
fills in missing data on both arms across the entire



COMPUTER SCIENCE TECHNICAL REPORT, TEXAS A&M UNIVERSITY, 2008. CS-TR-2008-12-3 8

Fig. 7. Filtering real noisy motion data in the 3D position space: (top left) the corrupted motion data in the position
space; (bottom left) the filtered motion data in the position space; (top right) the corrupted motion data in the joint-angle
space; (bottom right) the filtered motion data in the joint-angle space.

sequence (see Fig. 8).

4.2 Evaluation on Simulated Data
We have evaluated the performance of our algorithm
on a variety of simulated noisy motion data, which is
corrupted with different percentages of outliers and dif-
ferent levels of noise. The accompanying video demon-
strates the effectiveness of our algorithm for filtering
a number of individual behaviors, including walking,
running and jumping.

We also compare with three baseline human motion
denoising techniques: Gaussian filter, the simple general
Kalman filter [28], and the data-driven Kalman filter. We
applied a standard Gaussian filter to every degree of
freedom independently. We experimentally set a window
size to 11. We also implemented two types of Kalman
filter. For the first one, we set its system matrices to
identity matrices by simply choosing prediction model
as follows: zl(t+1) = zl(t)+N(0, σ). The second Kalman
filter is a simple data-driven algorithm, which learns the
system matrices from the same set of training data as
used in our algorithm.

We tested a number of trials on each setting and com-
puted the average reconstruction errors measured by de-
grees per DoF(Degree of Freedom) per frame. The errors
were evaluated via cross validation techniques and they
were measured by the squared distance between ground
truth data and filtered data. Fig. 6 shows the comparison
of the performances of four algorithms under various
outlier percentages and noise levels for walking motion.
Our algorithm produces the best results for all testing
scenarios. Fig. 5 (right) shows both Gaussian filter and

general Kalman filters fail to detect and remove outliers
in the corrupted motion data. Data-driven Kalman filter
cannot preserve spatial-temporal patterns in the input
motion. Only our algorithm can remove outliers while
keeping spatial -temporal patterns in the input motion.

5 DISCUSSION

We have presented an efficient data-driven denoising
algorithm for human motion data denoising, which si-
multaneously reduces noise, removes outliers, and fills
in missing values. More importantly, the denoised mo-
tion data can keep spatial-temporal patterns embedded
in natural human motion. The key idea of our approach
is to construct a series of filter bases from high-quality
motion capture data and then employ them along with
robust statistics for human motion data denoising.

The constructed filter bases are in spirit similar to
other filter bases used in signal processing community,
such as “sine” waves, “cosine” waves, and “wavelet”
bases. They are normalized and orthogonal against each
other; a complete set of the filter bases can be used to
uniquely reconstruct a segment of human motion data
with a specific window size. One unique property of our
filtering process is that it keeps important human mo-
tion patterns while throwing away impossible patterns,
which cannot be interpreted by training data. The data-
driven denoising filter, therefore, could still keep high-
frequency components of the input motion because fre-
quent patterns might still contain high-frequency com-
ponents. Another benefit of data-driven filter bases is to
allow the system to detect outliers and fill in missing



COMPUTER SCIENCE TECHNICAL REPORT, TEXAS A&M UNIVERSITY, 2008. CS-TR-2008-12-3 9

Fig. 8. Filling in missing data in the 3D position space: (top) missing motion data in the 3D position space; (middle)
completed motion data in the 3D position space; (bottom) completed motion data in the joint-angle space.

values, a capability that has not been demonstrated by
any previous human motion denoising approaches.

Just like any other data-driven approaches, one limi-
tation of our approach is that an appropriate database
must be available. We require the training data be
“clean” (perceptually high-quality) and contain similar
motion patterns of the input motion. Fig. 4 shows that
our algorithm can generate motion variations that are
not in the database. However, filtering the noisy input
with different motion patterns (denoising walking data
with running patterns, for instance) is not likely to yield
reasonable results.

Our system has generated good results on filtering
motion data with different levels of noise and different
percentages of outliers. We have observed that filter-
ing results deteriorate rapidly when the percentage of
outliers is larger than 15%. But we have not rigorously
assessed when our system will break down.

Just like other filters in the signal processing com-
munity, the performance of our algorithm depends on
the size of the filtering window. A large window might
better capture spatial-temporal characteristics embedded
in human motion data but the filtering process might

become slower. We now experimentally set the window
size (M ) to 20. Though, we believe an optimal window
size should be behavior-specific. An immediate future
work is thus to study how changing the window size
influences the performance of our filtering algorithm for
particular actions.

In future, we would like to explore how to learn
spatial-temporal filter bases from noisy data itself. It
might be possible to reconstruct the spatial-temporal
filter bases ek, k = 1, ...,K, filtered motion ẑ1:T , and
reconstruction coefficients ĉs, s = 1, ..., S from the noisy
input data ŷ1:T simultaneously using the optimization
framework described in this paper. We would also like to
extend our framework to transform a small set of noisy
3D trajectories constraints into high-quality joint angle
data. We also plan to add joint angle limit constraints
into the motion denoising framework in our future work.
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