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Abstract. Dense and markerless elastic 3D motion estimation based on stereo
sequences is a challenge in computer vision. Solutions based on scene flow and
3D registration are mostly restricted to simple non-rigid motions, and suffer from
the error accumulation. To address this problem, this paper proposes a globally
optimal approach to non-rigid motion estimation which simultaneously recovers
the 3D surface as well as its non-rigid motion over time. The instantaneous sur-
face of the object is represented as a set of points which is reconstructed from
the matched stereo images, meanwhile its deformation is captured by registering
the points over time under spatio-temporal constraints. A global energy is defined
on the constraints of stereo, spatial smoothness and temporal continuity, which is
optimized via an iterative algorithm to approximate the minimum. Our extensive
experiments on real video sequences including different facial expressions, cloth
flapping, flag waves, etc. proved the robustness of our method and showed the
method effectively handles complex nonrigid motions.

1 Introduction

3D elastic motion estimation is one of the long lasting challenges in computer vision.
The most popular approach to motion capture is to attach distinctive markers to de-
formable objects, and tracked in image sequences acquired by two or more calibrated
video cameras. The tracked markers are then used to reconstruct the corresponding 3D
motion. The limitation to these distinctive marker based technologies is that the number
of distinctive markers is relatively rather sparse comparing to the number of points of a
reconstructed 3D surface in [1,3].

Markerless motion capture methods based on computer vision technology offer an
attractive alternative. Two main streams of researches have been implemented in the
past decades. On one hand, approaches based on scene flow [6,7,8,9,11] have been pro-
posed to independently estimate local motions between adjacent and transfer into a long
trajectory. Obviously, error accumulation is the main problem of these approaches. On
the other hand, registration among reconstructed surfaces is also a way to get the trajec-
tory by tracing the motion of vertices [14,15], but the error in 3D surface reconstruction
will leads to the fail of the tracking, which means the errors in spatial surface recon-
struction will be accumulated in temporal tracking. As a result, both the approaches are
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limited to handle slow and simple non-rigid motion, in short time. In this paper, we pro-
pose a novel probabilistic framework to estimate markless non-rigid 3D motion from
calibrated stereo image sequences.

1.1 Related Work

The most popular approach (such as [7,8]) on this topic obtain the scene flow to es-
tablish the 3D motion field. Scene flow was introduced by Vedula et al. [10] as a 3D
optical field which is naturally another form of 3D displacement field. These methods
recover the scene flow by coupling the optical flow estimation in both cameras with
dense stereo matching between the images. Work [9,11] first compute the optical flow
in each image sequence independently, then couple the flow for the 3D motion. Others
such as [6,13] directly estimate both 3D shape and its motion. A variational method is
proposed in [12], this work proposed one formulation that does both reconstruction and
scene flow estimation. Scene flow estimation is performed by alternatively optimizing
the reconstruction and the 2D motion field. An efficient approach for scene flow esti-
mation is proposed in [8], which decouple the position and velocity estimation steps,
and to estimate dense velocities using a variational approach.

Although existing scene flow algorithms have achieved exciting results, these ap-
proach suffers from two limitations since they do not exploit the redundancy of spatio-
temporal information. First, scene flow methods estimate the 3D motion based on local
consistency (optical flow), which restrict the algorithms in handling little deformation.
Second, local motions are independently calculated between adjacent frames and then
concatenated into long trajectories, leading to error accumulation over time. Recently,
work by Di et al. [2,17] achieve groupwise shape registration on the whole image se-
quence which utilize a dynamic model to obtain the 2D elastic motion. These works
gain some remarkable results without error accumulation.

Method based on registration among reconstructed 3D shapes is also proposed to
estimate 3D motions. 3D active appearance models (AAMs) are often used for facial
motion estimation [4]. Parametric models which are used to encode facial shape and
appearance are fitted to several images. Most recently, Bradley et al. [14] deploy a
camera array and multi-view reconstruction to capture the panoramic geometry of gar-
ments during human motion. Work by Furukawa et al. [15] uses a polyhedral mesh
with fixed topology to represent the geometry of the scene. The shape deformation is
captured by tracking its vertices over time with a rigid motion model and a regular-
ized nonrigid deformation model for the whole mesh. An efficient framework for 3D
deformable surface tracking is proposed in [5], this work reformulate the SOCP fea-
sibility problem into an unconstrained quadratic optimization problem which could be
solved efficiently by resolving a set of sparse linear equations.

These registration methods achieve impressive effort especially in garment motion
capture. However, the reconstruction and registration process are performed separately.
In this case, solving 3D shape reconstruction and motion tracking alone, ignoring their
interrelationships, is rather challenging, which leads imprecise motion estimation. One
way to improve these methods is to draw dependency between the reconstruction and
tracking by integrate them within a unified model.
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1.2 Proposed Approach and Contribution

This paper addresses elastic motion estimation from a synchronized and calibrated
stereo sequences, which is treated as a joint tracking and reconstruction problem. A
novel generative model - Symmetric Hidden Markov Models(SHMMs) is proposed to
model the spatio-temporal information with stereo constraint of whole sequences. The
main contribution of this paper is: the proposed globally optimal approach can han-
dle fast, complex, and highly nonrigid motions without error accumulation over a large
number of frames. This involves several key ingredients: (a) a generative model, which
fully exploits the spatio-temporal information to simultaneously recover the 3D surface
and obtain its motion over time; (b) nonrigid transformation functions, which effec-
tively describe the elastic deformation; (c) a common spatial structure - a mean shape,
which is automatically learned and utilized to establish the correspondence among the
shapes in each image(details in Sec. 2).

2 Symmetric Hidden Markov Models and Problem Formulation

2.1 Basic Idea

The problem of 3D elastic motion estimation consists of two subproblems: shape recon-
struction and motion tracking. On one hand, the method for 3D shape reconstruction has
been fully developed (based on stereo vision), and an intuitive idea is to solve the prob-
lem of 3D motion estimation in two steps: first to reconstruct surface frame by frame
and then to track points on the surface over time. On the other hand, the optical flow
based methods for 2D motion tracking have matured as well. Straightforwardly, scene
flow approaches coupled optical flow with disparity for 3D motion estimation between
adjacent frames. Both the approaches obtained dense 3D motion, however, suffered
from the accumulation of both reconstruction and tracking errors.

Inspiring by the work on Di et al. [2,17], we assimilate its idea of groupwise shape
registration which avoids error propagation. A straightforward approach is: first inde-
pendently apply [2] to each of the stereo sequences which obtains the 2D elastic mo-
tion in both views, and then reconstruct the 3D motion via stereo matching. In this
way, reconstruction and registration are still performed separately which lead to im-
precise result(discussed in Sec. 4.2). Our idea is to couple the two image sequences
together with stereo constraint by integrating a stereo term into an unified tracking
model–Symmetric Hidden Markov Models(SHMMs). This stereo term bridges the left
and right sequences, through which spatio-temporal information from both sequences
could pass to each other(see fig.1). In other words, our globally optimal approach fully
exploits the spatio-temporal information in both views via stereo constraint, therefore
draws dependency between the registration and reconstruction.

We define a 2D shape in each image which is represented as a set of sparse points,
say L points. In each image, these L points are clustered from the edges by assum-
ing they are the L centers of a Gaussian Mixture Models(GMMs) that generates the
edges. Inspired by [19], a 2D mean shape is introduced into SHMMs as a common
spatial structure, which is also represented by L points, and the spatial constraints asso-
ciated to SHMMs are imposed by registering the mean shape to 2D shape in each image
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Fig. 1. Our basic idea: Symmetric Hidden Markov Model with stereo, spatial and temporal
constraints

through a smooth nonrigid transformation f (see fig.1). Our tracking is performed by the
registering of 2D shapes to our mean shape over time in both views. Meanwhile, the re-
construction is accomplished through the matching of the 2D shapes in stereo image
pairs. In short, our task is simultaneously registering all the 2D shapes to the mean
shape in both image sequences through smooth nonrigid transformations.

2.2 Symmetric Hidden Markov Models

Since we are working on the whole stereo image sequences, we first rectify the stereo
images and estimate the disparity field using a stereo algorithm [18] for each stereo
image pairs as the stereo constraint in SHMMs. As mentioned in sec. 2.1, the shape is
represented as L points. Then these L points come into being L trajectories or Hidden
Markov Models(HMMs) along the time domain in each image sequence, and therefore
form L Symmetric Hidden Markov Models(SHMMs) in the stereo sequences. In our
SHMMs, L points representing the shape are L hidden states; the edges extracted in
each frame [16] are our observations.

Our SHMM is displayed in right fig.1, a hidden state stands for a center of GMM
while the edges are treated as its observation. Each hidden state belongs to a HMM
while the rest of the hidden states in the same HMM delegate the corresponding states
in the temporal domain. A couple of corresponding HMMs in the stereo sequences
enforced by the stereo constraints form a SHMM. The correspondence among all hidden
states in one SHMM is founded by registering them to a identical point in the mean
shape via transformations. Note that each SHMM essentially represents a trajectory of
a 3D point. 3D shape deformation can be achieved when all L SHMMs are inferred,
and the dense 3D motion is obtained through the TPS(see Sec. 2.3.2).
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2.3 Problem Formulation

Before giving the formulation of our SHMMs, let us introduce the following notation
for better understanding. Assume that there are N frames in each image sequence,
t denotes the index of frames, t ∈ {1, 2, . . . , N}, k denotes the viewpoint,
k ∈ {l, r}; Let Ik,t be the tth image in the left(k = l) or right(k = r) sequence;
D = {Dt} be the disparity maps drew from the stereo image pairs; Yk,t = {Y i

k,t|i =
1, 2, . . . , Nk,t} be the edge point set of image Ik,t, where Nk,t is the number of edge
points.

Now we want to obtain the 3D shape motion. From the stereo vision we know
that a 3D point could be reconstructed by two corresponding points in stereo images;
The two corresponding points also could be seen as the projection of a 3D point onto
two images. Since we have rectified the images sequences, the corresponding
points in two views have the same y. So we define our 3D points(shape) as Xt =
{[xj

l,t, x
j
r,t, y

j
t ]|j = 1, 2, . . . , L} which is clustered from edge set Yt, where L is the

number of the points in the shape. Actually Xj
l,t = [xj

l,t, y
j
t ] is the 2D projection

in the left image and Xj
r,t = [xj

r,t, y
j
t ] is its corresponding point in the right image.

Let V j
t be the velocity of Xj

t ; Z = {Zj|j = 1, 2, . . . , L} be the common spatial
structure - mean shape. The variable Xj

k,t stands for the position of a hidden state
in a SHMM. Each shape Xk,t in our SHMMs matches to the mean shape Z via a
smooth nonrigid transformation, f = {fk,t}(see fig.1). We can simply write the
equation:

Xk,t = fk,t(Z) (1)

note that Xj
t and V j

t are 3D vector denoting the position and velocity of the points;
Xj

k,t is the 2D projection of Xj
t ; Y i

t and Zj are 2D vector denoting the position of the
edge points and mean shape; fk,t is R

2 → R
2 transformation.

Our problem is: Given disparity map sets D and edge point sets Y , we want to
obtain an optimal solution of mean shape Z , nonrigid transformation f and the velocity
V . Then each shape X can be directly obtained by eqn. 1.

The global energy based on our SHMMs includes four terms: a data term Ed(Z, f ; Y ),
which models the inherent relations between observation Y and hidden states X un-
der GMM; a spatial term Esp(f), which enforces the smoothness of the transforma-
tions; a temporal term Et(Z, f, V ), which encodes the temporal continuity by modeling
the kinematics motion of points; and a stereo term Est(Z, f ; D), which embeds the
stereo constraint of the hidden states in stereo images. Note that the position of
hidden states X can be represented as f(Z) in terms of eqn. 1. Now we write the
global energy as:

E(Z, f, V ; D, Y ) = Ed(Z, f ; Y ) + αEsp(f)
+βEt(Z, f, V ) + γEst(Z, f ; D).

(2)

α, β and γ are weight parameters that control the proportion of each term in the global
energy.
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Date Term. The data term encodes the relation between observation and hidden state
node in all frames and it is defined as:

Ed(Z, f ; Y ) =
∑

k,t

Nk,t∑

i=1

L∑

j=1(
Q(mi

k,t = j)‖Y i
k,t − fk,t(Zj)‖2

/σj
k,t

2
)

(3)

where σj
k,t is the variance of Gaussian distribution, k ∈ {l, r}, t ∈ {1, 2, . . . , N}; mi

k,t

is a discrete variable introduced to denote an index of the Gaussian mixture, which gen-
erates the ith edge point Y i

k,t and mi
k,t ∈ {1, 2, . . . , L}; Q(mi

k,t = j) is the probability

of mi
k,t = j, where

∑L
j=1 Q(mi

k,t = j) = 1.
The reasoning of the data term is depicted below: In a single image(say Ik,t), as

mentioned in section 2.1, the observation is considered as a GMM with L centers. Then
the complete density function of Y i

k,t is then given by:

P (Y i
k,t|mi

k,t = j, fk,t(Zj)) =
L∑

j=1

Q(mi
k,t = j)N(Y i

k,t, fk,t(Zj), σj
k,t

2
)

(4)

where N(X, μ, σ) denote the Gaussian distribution on X with mean μ and variance σ.
Note that fk,t(Zj) essentially represent the jth center Xj

k,t of the GMMs in terms of
eqn. 1. Assuming that all the edge points are independent and identically distributed
(i.i.d.) with distribution eqn.4. Therefore, our data energy term eqn. 3 comes from the
negative log likelihood of the joint posterior probability of all the edge points. This
term indicates how well the observation and the hidden states fit the GMMs.

Spatial Term. Spatial smoothness is considered in a way that each shape should be
smoothly transformed from the mean shape through a smooth nonrigid transformation
f : R

2 → R
2, the smoothness of the transformation f can be measured by:

‖�f‖2 =
∫ ∫ [

(
∂2f

∂x2
)2 + 2(

∂2f

∂x∂y
)2 + (

∂2f

∂y2
)2

]
(5)

which is one of popular choices and invariant under rotations and translations, where
� is the Laplace operator. When minimizing the functional related to eqn. 5, the
optimal f will be the well known thin-plate spline (TPS) [20] and the measure in eqn.
5 will be the bending energy of a thin plate of infinite extent. And the Esp(f) term can
be written as:

Esp(f) =
∑

k,t

‖�fk,t‖2 (6)

when considering all the transformation function f , where k ∈ {l, r}, t = 1, 2, . . . , N .
This term enforces the spatial smoothness of the transformations, which transfer the
mean shape to each shape. Dense points matching between the stereo images and among
the temporal images can be achieved by defining a dense mesh in the mean shape and
warping it to all the images via these transformations f .
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Temporal Term. In order to enforce the temporal constraint, we define the temporal
term Et(Z, f, V ) as:

Et(Z, f, V ) =
N∑

t=1

L∑

j=1(
tr(Sj

t − Sj
t−1A)Ψ−1(Sj

t − Sj
t−1A)

T
/τt

2
)

(7)

where tr stands for the trace operation of a matrix. The symbol Sj
t is a vector which

combines the position of a hidden point with its velocity.

Sj
t ≡ [Xj

t V j
t ] (8)

A and Ψ are both matrixes, their form will be given in the reasoning of eqn. 7. τt is
standard deviation of a normal distribution.

Inspired by the idea of Kalman filter [21], the temporal continuity is enforced by
modeling the state transition in the tracking of each HMM. The overall motion may
not be easily described, but if we focus on one particular particle on the object, its
motion however can be defined under kinematics. Without loss of generalization, we
assume that between the (t − 1)th and tth frame the jth HMM undergoes a constant
acceleration that is normally distributed, with zero mean and standard deviation τt.
From kinematics we conclude that

[Xj
t V j

t ] = [Xj
t−1 V j

t−1]A + [ap av]G (9)

where Xj
t is the position of the 3D point at frame t, V j

t is its velocity. ap and av are
the point’s accelerations of displacement and velocity, respectively. Under an ideal case
of exact constant acceleration, the random acceleration variable ap and av are perfectly
correlated, i.e. their correlation equals to 1(ap=av). But in practice, they may not be
perfectly correlated, and this is why two separated accelerations ap and av rather that
one are used in eqn. 9. The matrixes A and G are defined as

A =
[

1 0
�t 1

]
G =

[ �t2

2 0
0 �t

]
(10)

The �t is taken as 1 here as frame index is used as time, both A and G are 2 × 2
matrixes. Therefore the distribution of [ap av]G is a Gaussian with zero mean and
covariance τt

2Ψ . Then eqn .9 can be written as

P (Xj
t , V j

t , Xj
t−1, V

j
t−1)

= N(Sj
t − Sj

t−1A, 0, τt
2Ψ)

(11)

where Ψ is calculated from G
The temporal energy term eqn. 7 directly comes from the negative log likelihood

of posteriori (eqn. 11) by considering all the HMMs together. This term enforces the
temporal continuity via modeling the kinematics motion of points.
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Stereo Term. So far we haven’t model the relationship between the stereo sequences.
Since the two 2D shapes Xl,t, Xr,t at any time t are the two projections of the same
3D shape Xt, their deformations are inherently related. In order to model this in-
herent spatio-temporal relationship, we encode stereo constraint as the stereo term
Est(Z, f ; D) to force a restriction of the motion between the corresponding stereo
points.

Est(Z, f ; D) =
N∑

t=1

L∑

j=1

ρd(X
j
l,t, X

j
r,t, D

j
t ) (12)

where function ρd punish the inconsistent matching of the hidden state between the
stereo images under the disparity map, Dj

t gained from Dt is the disparity between
Xj

l,t and Xj
r,t. Here we choose a broadly used quadratic cost function, similar to the

one used in [24]:
ρd(Pl, Pr, d) = ||Pl − Pr| − d|2 (13)

This term plays a crucial role in the model that it bridges the information of the two
sequences so that shape matching between two views and registration along the time
domain could be simultaneously achieved.

The combination of eqn. 3, 6, 7 and 12 is our symmetric model. We now describe an
iterative optimization algorithm to minimize the global energy eqn. 2.

3 Inference and Optimization

3.1 Inference Under EM Algorithm

Directly minimizing the global energy in eqn.2 is intractable, as many terms are coupled
together. Using the same divide-and-conquer fashion in [22], the optimization problems
can be split into two slightly simpler sub-problems. The idea is that we first treat X and
V as a whole S(defined in eqn.8) and minimize E(Z, f, V ; D, Y ) (eqn.2) w.r.t. S, then
find f and Z which achieve the optimal X(eqn.1) by solving a fitting problem. In this
regard we have X = SB, where B = [1 0]T . Then the two sub-problems are given as

SP1 : min
S

∑

k,t

L∑

j=1

Nk,t∑

i=1

(Q(mi
k,t = j)‖Y i

k,t − Sj
k,tB‖2

/σj
k,t

2
)

+
N∑

t=1

L∑

j=1

tr(Sj
t − Sj

t−1A)Ψ−1(Sj
t − Sj

t−1A)
T
/τt

2

+γ

N∑

t=1

L∑

j=1

‖‖Sj
l,tB − Sj

r,tB‖ − Dj
t‖

2

(14)

SP2 : min
f,Z

∑

k,t

⎛

⎝α‖�fk,t‖2 +
L∑

j=1

‖fk,t(Zj) − Sj
k,tB‖2

⎞

⎠ (15)
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SP1 is a symmetric trajectory tracking problem, and SP2 is a groupwise shape registra-
tion problem. The solution of these two sub-problems can be obtained by an iterative
deterministic annealing algorithm under EM framework present in [17]. We refer to
sec. 4.2 and 4.3 of [17] for full details on how to achieve the optimal solution of these
two energies. Note that S in SP2 is obtained from SP1 in each iteration and β in eqn.2
is merged into τt.

3.2 Outlier and Missing Data Handling

In our SHMMs, if one hidden state Xj
k,t is inferred inaccurately due to the outliers

(noises and occlusions) or data missing, it will be temporally inconsistent with the oth-
ers in the same HMM, spatially inconsistent with Z (mapping from Z to X will be non-
smooth) and symmetrically inconsistent with the corresponding state in the SHMM.
Although constraints of stereo, temporal continuity and spatial smoothness will help in
pulling Xj

k,t away from the outliers and missing data, too strict constraints may intro-

duce a bias in the estimation of Xj
k,t. During the EM iteration, the temporal and stereo

parameter 1/τk,t and γ in eqn.14 together with spatial parameter α in eqn.15 will be de-
creased from an initial value to a small value. Thus towards the end, the spatiotemporal
and stereo constraints will have a very tiny bias effect.

In order to account for outliers and missing data, occlusions O is first computed from
disparity D using the similar principle in sec. 3.3 [7]. A hidden binary variable wi

k,t is
further introduced so that wi

k,t = 0 if the edge point Y i
k,t is an outlier, and wi

k,t = 1
if Y i

k,t is generated by the GMM. As mentioned in section 2.3.1, Q(mi
k,t = j) is the

posterior probability that Y i
k,t is generated by Xj

k,t, then we have
∑L

j=1 Q(mi
k,t = j) =

P (wi
k,t = 1|Y i

k,t), for occlusion, P (w = 0|Y ∈O) = 1. By introducing wi
k,t, outliers

can be suppressed and missing data can be handled. The complete EM algorithm for
the SHMMs is shown in Table 1. ρ is the correlation between ap and av .

Table 1. Our full iterative algorithm

Initialize f ,Z,Y ,D
Initialize parameters α,λ,ρ
Begin: Deterministic Annealing

Calculate new Q(m),σ and τ
Symmetric trajectory tracking problem: Solve SP1
Groupwise Shape Registration: Solve SP2

Update Z and f
Decrease annealing parameters
Repeat until converge

End

4 Experimental Results and Discussion

4.1 Implementation and Datasets

Given the stereo video sequences mentioned above, the edge features and disparity maps,
which serve as the inputs, are obtained by using edge detection algorithm [16] for all
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Table 2. Characteristics of the six datasets: N , L, E and M are the numbers of frames, shape
points, average edge points and vertices on the mesh we use to reconstruct the 3D surface; w and
h are the width and the height of input images in pixels; The initial parameters: ρ is fixed to 0.1;
α, λ and γ are 5, 0.2 and 10, they decrease during the iterations

Data face1 face2 cloth flag sphere balloon

N 60 40 50 30 120 20
L 500 500 500 700 300 250
E 4140 4000 5210 6540 3100 2500
M 5200 5200 6600 7010 6200 3200
w 640 640 1024 1024 640 320
h 480 480 768 768 480 240

images and by applying stereo algorithm [18] to all stereo image pairs respectively.
Although [18] is not the best stereo algorithms according to the Middlebury benchmarks
[23], it achieves fast speed in implementation. The output of the proposed approach is a
set of 4D vectors (mx, my, mz , t), denoting the 3D motion field over time. Our algorithm
is implemented in MATLAB and run with almost same speed on a 2.8GHZ CPU. The
speed of the algorithm depends on the number of the points L representing the shape,
number of frames N and the number of input edge points. For instance, it needs about
one and a half hour on a stereo sequence where L equals 500, N equals 40 and there are
about 4000 edge points in each image, average 68 seconds per frame.

Six real datasets are used for the experiments: waving flag, flapping cloth, inflat-
ing balloon, deforming sphere(courtesy of J. Wang, K. Xu [25]), talking face1 and
face2 with different expression. The characteristics of these datasets and the parameter
values used in our experiments are given in Table. 2. The motions in face1 are slow,
but the mouth and head motions in face1 are challenging. Motions are fast in flag and
balloon, but relatively simple. The sphere deforms quickly and dramatically, which
makes it hard to track the points on its highly deforming surface. Cloth and face2
are quite challenging datasets involving complex motions during their deformation. In
cloth, the textures are weak compared to the others and the motions are very fast. More-
over, there are occlusions in some part of the video due to some folds. Motions in face2
are relatively slow than in cloth, but with different facial expressions, the mouth, eye
and eyebrow shapes change distinctly and irregularly which makes motion estimation
difficult especially in these regions.

4.2 Results and Evaluation

Left most of Fig.2 gives some result on face1 from some frames in the left stereo
sequences along with the estimated deformation field. The center and right most of
Fig.2 demonstrates a inflating balloon and a deforming sphere. The red points are
some of the tracked particles during the inflating motion and the quick deformation.
Scene flow methods which use the intensity as their observation and assume the local
consistency of the motion failed on the large scale motion especially when the size
or shape of the tracking object varies greatly. However, our method makes use of the



A Globally Optimal Approach for 3D Elastic Motion Estimation 535

Fig. 2. Several achieved results (a)-(c): edge maps of a face sequence along with estimated defor-
mation field; (d): learned mean shape; (e)-(f): sphere deformation and balloon inflation, the time
interval between the top and the bottom stereo image pairs is 0.3s

explicit geometric information among the edges and allows us dealing with large scale
motion(see Fig.4 for detail).

Left of Fig.3 shows our result on dataset flag, cloth and face2, including a sam-
ple image from left sequence, the corresponding 3D surface with and without texture
mapping and the estimated motion field which is rendered by line segments connecting
the positions of sample points in the previous frame (red) to the current ones (green).
Textures are mapped onto the reconstructed surface by averaging the back-projected
textures from the corresponding images, which is a good way to visually assess the
quality of the results, since textures will only look sharp and clear when the estimated
shape and motion are accurate throughout the sequence. As shown by the figure, the re-
constructed surfaces with sharp images looking close to the originals. Of course, there
are some unshapely regions. For instance, the mouth of face2 and some part of the
fold structure of the cloth. Overall however, our algorithm has been able to accurately
capture the cloth’s and face’s complicated shape and motion. Right of Fig.3 gave two
texture-mapped mean shapes computed by our method and [2] respectively. In the se-
lected region (red rectangle) the mean shape calculated by the method [2] is much more
blurred than the one calculated by our approach, which indicates the registration error
of [2] is much bigger than that of our method.

Whereas there are numerous datasets with ground truth for various algorithms in
computer vision, the 3D motion estimation problem is probably not mature enough
to deserve a proper evaluation benchmark. In order to evaluate our method and get a
comparison with other algorithms, we test our algorithm on two typical datasets with
ground truth: we manually align 57 points across the stereo sequence of face2(use 40
frames)(landmark: 1-8: right eye, 9-16: left eye, 17-29: nose, 30-41: mouth, 42-49: right
eyebrow, 50-57: left eyebrow) since face deformation is highly irregular which makes
motion estimation difficult and we also use the synthetic, textured sphere in [25] as our
test data since its quick and dramatic deformation. We compared three methods on each
dataset: (a) our globally optimal method based on SHMM; (b) tracking both sequences
using our method in [2], then using stereo information to match shape; (c) pixel-wise
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Fig. 3. From left to right in the left top and left mid(cloth and flag): an input image, a recon-
structed surface with and without texture-mapping, and the corresponding motion field; face2 is
shown at the left bottom of the figure. Our texture-mapped model is indeed very close to the cor-
responding input image, but there are moderate flaws in some places, in particular in the mouth
region of face2 dueing to the complex expression and in some folded area of cloth. A compari-
son of the texture-mapped mean shape computed by our method and [2].

Fig. 4. Comparison of three methods on ground truth data in terms of RMS errors in pixels. Left:
landmark-based RMS errors in face2. Right: time-based RMS errors in sphere.

scene flow algorithm(we simply re-implemented the method in [7]), which couples the
optical flow estimation in both image sequence with dense stereo matching between the
images.

Fig.4 gives the comparison of the three methods by computing the RMS errors in
terms of pixels based on the ground truth data. The results showed that our approach
achieved more accurate motion than the other two methods without error accumulation.
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Our approach outperforms (b) because method (b) estimated the 3D motion in a
separated way. In other words, (b) didn’t combine the stereo and the motion together,
the reconstructing and tracking were achieved separately. Although scene flow methods
gained almost the same accuracy as ours in the first few frames in the sphere data(see
Fig.4 right), with the passage of time, the accumulated errors becomes notable since
this method only computed the adjacent flow and then concatenated them into long
trajectories. Suffering from error accumulation, scene flow methods could not achieve
the same accuracy as our approach.

5 Conclusions

In this paper, we proposed a globally optimal approach for 3D nonrigid motion esti-
mation from a stereo image sequences. We embed spatio-temporal information with
stereo constraints of whole sequences into a novel generative model - Symmetric Hid-
den Markov Models. A global energy of the model is defined on the constraints of
stereo, spatial smoothness and temporal continuity, which is optimized via an iterative
algorithm to approximate the minimum.

Our approach is inspired by Di et al. [2] on 2D groupwise shape registration. Exper-
iments on real video sequences showed that our approach is able to handle fast, com-
plex, and highly nonrigid motions without error accumulation. However, our method
has two main limitations. First, our method cannot handle the topological interchange
of shapes, for instance the object surface comes in contact with itself, e.g. a sleeve
touches the torso in a cloth flapping. The extracted edges in these situations can tangle
up or be covered with each other, which is not handled in the clustering process. Second,
large occlusion leads the disparity range being comparable to the size of the objects in
the image, which will not only cause many multi-resolution stereo algorithms hard to
obtain accurate disparity but also make our approach difficult to matching shapes be-
tween the stereo images. A feasible scheme for dealing with this limitation is to extend
our work to multi-view based motion capture [14,15].
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