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Outdoor Markerless Motion Capture with Sparse
Handheld Video Cameras
Yangang Wang, Yebin Liu, Xin Tong, Qionghai Dai, and Ping Tan
Abstract—We present a method for outdoor markerless motion capture with sparse handheld video cameras. In the simplest setting, it
only involves two mobile phone cameras following the character. This setup can maximize the flexibilities of data capture and broaden
the applications of motion capture. To solve the character pose under such challenge settings, we exploit the generative motion capture
methods and propose a novel model-view consistency that considers both foreground and background in the tracking stage. The
background is modeled as a deformable 2D grid, which allows us to compute the background-view consistency for sparse moving
cameras. The 3D character pose is tracked with a global-local optimization through minimizing our consistency cost. A novel L1 motion
regularizer is also proposed in the optimization to constrain the solution pose space. The whole process of the proposed method is
simple as frame by frame video segmentation is not required. Our method outperforms several alternative methods on various
examples demonstrated in the paper.
Index Terms—Markerless motion capture, Handheld video cameras, Model-view consistency
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I NTRODUCTION

M

ARKERLESS motion capture records the 3D motion
of an actor without marker or sensor suits. It has
a wide range of applications including human computer
interaction, surveillance, gait analysis, and visual special
effects in games and movies. Despite recent advances that
enable people to capture the high quality motions via specialized device setups [1], [2], [3], [4] or depth cameras [5],
[6], [7], [8], [9], [10] in an indoor environment, outdoor
markerless motion capture is still a challenge task where the
character moves freely in a open space with uncontrolled
background and illumination. A few pioneering works [11],
[12], [13], [14], [15] explored outdoor markerless motion capture. However, most of these methods still need substantial
works on establishing the capture settings.
To maximize the data capture flexibility, we advocate
to study outdoor markerless motion capture with sparse
handheld video cameras. We allow the handheld cameras
to follow the moving character and be carried by one or
several people. In the simplest setting, it only involves
two mobile phone cameras following the character. This
simple setup has the potential to enormously broaden the
diversity and richness of motions that can be captured, such
as skateboarding, basketball, or even ski. At the same time,
it also poses a big challenge for pose estimation algorithm
due to the large pose ambiguities caused by sparse views,
uncontrolled (and possibly variant) illumination, and inaccurate camera calibration.
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Fig. 1. Some wrong poses associated with high model-view consistency
score: (a) arms with similar color as torso; (b) arms with uniform color;
(c) background with similar color as foreground (arms).

In this paper, we exploit the generative approach [3], [16]
to estimate the pose via an analysis-by-synthesis approach.
Specifically, we model the character mesh as a surface
triangle mesh driven by a skeleton [3] and search for a
skeleton pose that maximizes the model-view consistency
for all views.
Typical generative methods measure the model-view
consistency with the color differences between the projected
character model and input images, which is plagued by two
difficulties, especially for sparse handheld cameras. Firstly,
different body parts might have similar color to confuse the
model to image matching. This is exemplified in Figure 1 (a)
and (b). The arms of the character in (a) have similar color
as the torso. As a result, a wrong pose where the two arms
are in front of the torso produces strong model-view consistency. Even if the arms have different colors as the torso,
the arm itself can still cause similar problems as shown in
(b). In this case, the arm incorrectly bends forward, but the
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Fig. 2. System pipeline. (a) Our system takes multiple synchronized videos captured by handheld cameras as input. (b) We adopt the CoSLAM [Zou
and Tan 2013] method to calibrate all cameras in 3D space. (c) Our motion tracking system estimates the skeleton motion with a sample-based
method. (d) We use a gradient-based method to refine the skeleton pose.

model-view consistency is high as the forearm has uniform
color. Secondly, the background might have similar color
to some body parts. Wrong matches between model and
image might produce good consistency. This is exemplified
in Figure 1 (c), where the brick pavement has similar color
as the arms and accidently produces better consistency.
Some existing methods [17], [18] rely on a relatively large
set of cameras (typically more than 4) to solve the pose
ambiguities. For the example in Figure 1 (a), if a camera sees
the character from the side, it will produce strong penalty
for the arms in front of torso. Other methods [1], [3] rely on
a background model to segment the foreground out before
the pose estimation to address the challenges. By requiring
the projected mesh to fill-in the segmentation mask, the
challenging cases in Figure 1 (a)-(c) can be safely handled.
However, it is still an open problem to automatically obtain
fine segmentation masks. Even with iterative segmentation
(with background model) and pose tracking (foreground
model) [12], [19], [20], video segmentation is tedious, errorprone [16] and sometimes manual intensive.
To tackle these pose ambiguities, we present a novel
model-view consistency cost that considers both the foreground and background under the setting of sparse handheld cameras. Our observation is that a correct pose can
produce high consistency for both foreground-view and
background-view at the same time. Our foreground model
is built at each mesh triangle. Different from previous background modeling for markerless motion capture [9], [18],
[21], [22], we model the background as a deformable 2D
grid, which allows us to compute a background-view consistency for sparse moving cameras. With such new modelview consistency, our optimization solves for the human
poses by parsing the image pixels according to a normalized
foreground and background consistency cost. For each pixel
in the image, we compute its consistency to both foreground
and background simultaneously. As a result, the wrong
poses as in Figure 1 can be penalized as some pixels in
the character are mistaken as in background. To deal with
illumination variations over time, we also introduce a viewview consistency cost bridged by our character model. A
novel L1 motion regularizer is utilized in the optimization
to enforce temporal pose coherence.
By combining these novel designs, our method efficiently solves the pose ambiguities and robustly recon-

structs the 3D poses from sparse videos captured by handheld cameras. The whole process of our method is simple as
frame by frame video segmentation is not required. We evaluate our method with variant video sequences and illustrate
the advantages of our method to other alternative solutions.
We also demonstrate the proposed method with as few
as two uncalibrated and unsegmented video sequences,
which brings the markerless motion capture to a stage much
closer to applications.

2

R ELATED W ORK

Many different motion capture algorithms have been proposed. A complete survey is beyond the scope of this work.
Here we mainly discuss some recent generative motion
capture methods, since our method belongs to this category.
Generative methods deform a character model with
simple shape primitives [23], [24] to estimate the skeleton
pose by maximizing the model-view consistency. Some recent methods even model the detailed 3D deforming surface
[2], [25], [26], [27], [28] of the actor. The energy function can
be solved by local [29], [30] or global optimization [24], [31],
or a combination of the two [3]. Recently, [32] presented a
new scene representation that enables an analytically differentiable closed-form formulation of surface visibility, which
yields smooth, analytically differentiable, and efficient to
optimize pose similarity energies with rigorous occlusion
handling, fewer local minima, and experimentally verified
improved convergence of numerical optimization.
There is a clear trend to reduce capture setup complexity.
Early methods typically require controlled studios with a
large number of cameras [33], [34]. Tresadern and Reid [35]
pioneered this direction using two uncalibrated and unsynchronized cameras, and captured rough skeleton positions.
Elhayek et al. [17] employed a dozen of unsynchronized
cameras and achieved strong results in indoor environments. Hasler et al. [12] used handheld cameras in outdoor
scenes by exploiting silhouette cues. Silhouette involves
tedious video segmentation and also requires cameras to
have a large view span, which is difficult when capturing
in a cluttered scene. Elhayek et al. [36] solved camera calibration and pose estimation simultaneously. Their method
is demonstrated with at least five cameras, among them
at least two are fixed, to resolve the ambiguity between
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the camera ego-motion and character motion. Wei et al.
[37] studied motion tracking from a monocular video with
manual interventions. Under the assumption of fixed distant
illumination, Wu et al. [4] exploited 3D points reconstructed
from a stereo rig for performance capture. However, their
local optimization and fixed distant illumination model is
only demonstrated in indoor scenes. Ganapathi et al. [9]
utilized the depth cameras and extended the iterative closest
points (ICP) objective by modeling the constraint that the
observed subject cannot enter free space to obtain real-time
human pose tracking results.
We aim at outdoor markerless motion capture with
sparse handheld cameras. Our formulation considers both
the foreground and background consistency, though background modeling has been used in some works. [18] constructs a SOG representation for each input image (at both
foreground and background regions). However, they only
compute foreground consistency while ignoring the background consistency in the tracking stage, thus their method
need more than 5 views. Recently, Loper and Black [22]
propose a general differentiable renderer named OpenDR
for analysis-by-synthesis approach and build models for
both the foreground and background. Nevertheless, their
example on pose tracking yet only computes the foreground
consistency and their method is only demonstrated on a
RGB-D input for static background.
Our work is related to PoseCut [19], which solves the
optimal skeleton by minimizing the graph-cut energy. In
comparison, we discard the graph-cut based segmentation.
Graph-cut is time-consuming and cannot guarantee the segmented shape to be a valid character silhouette, though soft
shape priors are used in [4], [19]. Our foreground is directly
determined by the deformed mesh model, such that we use
sampling-based method to directly optimize the skeleton
pose.
Discriminative methods [5], [6] have demonstrated realtime performance and enabled enormous applications with
a depth camera. [10] proposed a novel training objective
which leads to considerably more accurate correspondences
with far fewer training images. Skeleton motion of multiple
human bodies can also be track using the discriminative
method under static multi-camera setup [38] or even hundreds of RGB cameras [39].
Hybrid methods combine the strength of discriminative
methods and generative methods. Some recent works [8],
[40], [41] combine a discriminative method with the local optimization from generative methods to improve the
results. Most recently, Elhayek et al. [15] combined the
convolution neural network based skeleton estimation with
the Sum-of-Gaussian [18] based pose tracking, and achieved
surprisingly good results with only 2-3 cameras. Bogo et al.
[42] also used the convolution neural network to predict the
2D body joint locations and then fitted the SMPL [43] (a statistical body shape model) to the 2D joints. They minimized
an objective function that penalizes the error between the
projected 3D model joints and detected 2D joints. Our novel
formulation of model-view consistency might be adopted in
these hybrid methods to further improve their performance.
Wearable sensors such as IMUs and accelerometers [14],
[44], [45] can also be used to facilitate outdoor motion
capture. However, these techniques still rely on a motion
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Fig. 3. (a) our skeleton model with joints and DoFs; (b) a character mesh
M deformed according to the skeleton pose.

database to infer human pose from the noisy acceleration
data. They are more suitable for repeatable and distinctive
motions. Commercial inertial motion capture systems (e.g.
Xsens MVN, www.xsens.com) can capture body motion
in outdoor scenes with a well-equipped compact suits. In
comparison, our techniques provides an extremely flexible
capture setup without wearable markers or sensors.

3

P RELIMINARIES

The pipeline of our system is summarized in Figure 2. Our
inputs are multiple video streams captured by a few (2-3)
handheld cameras. In all our examples, the resolution of
input videos is 960 × 540. The video streams are synchronized by flashing a light such that the synchronized frames
can be detected to calculate the integer frame shifts between
cameras, though voice synchronization in [12] might also be
used. In the following, we assume all cameras are synchronized from the first frame to simplify notation.
We take the CoSLAM [46] algorithm to estimate the
camera parameters. The sequential tracking framework is
adopted and we solve the markerless motion capture by
energy optimization. For each frame, we maximize the normalized character-view and background-view consistency
to solve for the skeleton pose. Benefits from the proposed
appearance model, our system can robustly recover the human pose from sparse handheld cameras without the frame
by frame video segmentation. We use a sampling-based
global optimization method to explore the large skeleton
pose space, and refine the result by a local gradient descendent search. The global optimization can avoid temporal
error accumulation during pose tracking.
3.1

Character Model

We adopt the analysis-by-synthesis approach [47] to estimate 3D skeleton poses. Our character model includes a
triangle mesh M registered with a kinematic skeleton χ. The
mesh model M is prepared interactively according to multiview images of the target character in a fixed standing pose,
with public tools such as VisualSFM [48] and multi-view
stereo systems. M has about 5000 triangles. It is noted that
the recent publicly available SMPL [43] (a statistical body
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shape model) can be used to obtain a better rigged mesh
model M from the multi-view reconstructed point cloud.
Figure 3 shows our skeleton model χ with 39 DoFs (6
for the global motion and
 33 for
 the joints). The skeleton
ˆ
χ is parametrized by θ0 ξ0 , Θ , where θ0 ξˆ0 is the twist
coordinate encoding the global translation and rotation of
the whole human body, and Θ = {θ1 , ..., θn } is the vector of
joint angles.
This skeleton χ is automatically registered with M and
surface skinning weights are automatically computed as
described in [49]. Thus, the coordinate of a mesh vertex v
under the skeleton pose χ can be computed by linear blend
skinning as,
!
X
v (χ) =
ωi Ti v0 .
(1)
i∈B

Here, v0 is the model vertices on the initial pose, B is the
set of joints,
Pωi is the binding weight between v and the i-th
joint and i∈B ωi = 1. The transformation Ti defines the
motion of the i-th joint, which is
Y
(2)
eθj ξ̂j ,
Ti = eθ0 ξ̂0 ·

(a)

(b)

(c)

j∈Pi

where Pi includes all the parent DoFs of the i-th joint, and
ξˆj is a corresponding twist matrix. The Jacobian matrix of
Equation (2) has a special structure, which can be easily
obtained from its adjoint transformation. More details can
be found in the chapter 2 and 3 of [50].
3.2

Appearance Model

for each cluster in the RGB space. The model distance of a
pixel with color c is computed as,


T
4,γn
ψm
(c) = min (c − µk ) Σ−1
(3)
k (c − µk ) , τ .
k∈K

Background. We propose a novel background model with a
deformable 2D grid of triangles as shown in Figure 4, where
each triangle contains a mixture of K Gaussians to represent
its pixel distribution in the RGB color space (K is 5 in this
paper). The background model does not consider the color
information from multiple frames, otherwise we build the
background model on each of the selected video frames, Γ =
{γ1 , · · · , γn , · · · , γN }, where N is the number of selected
frames (N is from 1 to 5 in all experiments of this paper).
Generally, the video frames are uniformly selected from the
whole video sequences.

(a)

Fig. 5. Background warping and foreground removal results. (a) are
the original images, (b) are the background warping, and (c) are the
foreground removal results.

(b)

Fig. 4. We build the background model with a deformable uniform mesh
in the selected frames. (a) and (b) are the selected two frames with
uniform 2D grid mesh. A mixture Gaussian model is built within each
triangle of this mesh excluding the character regions.

Considering the color variations among different cameras, the background model is also built for each camera.
For the triangle 4 in frame γn of the m-th camera, we adopt
K-means to obtain K clusters and build a Gaussian model

Here, µk and Σk are the mean and variance of the Gaussian
model, respectively. τ is a large constant barrier for color
values, which is set to 1 for color values between [0, 1] and
fixed in all experiments in this paper.
With the proposed background model, we can obtain
the pure background without human characters by warping
the selected frames and performing the image inpainting.
Figure 5 shows some foreground character removal results.
Foreground. The foreground color model is directly built at
each triangle of the mesh M. For this purpose, we adopt
the method in [3] to register the mesh M at the selected
frames Γ. At each mesh triangle 4, we collect all its covered
pixels from the frames in Γ, and utilize the same strategy
as background to build the color model. The model distance
is similar as Equation (3) except that the foreground model
distance does not depend on the selected frame index γn . It
should be noted that not all mesh triangles are visible in the
selected video frames. Thus the proposed foreground color
model is not watertight for all the mesh triangles.
For the selected frames Γ, we utilize [3] to register
the mesh M with the observed images and obtain the
foreground color model. It is noted that image silhouette is
needed for human pose estimation of [3], the foreground
masks of Γ frames are manually segmented beforehand.
Besides, we found the method in [3] is not robust under
the scenario of 2-3 cameras. We manually correct about 6
DoFs (39 DoFs in total) especially when there exist selfocclusions. A possible solution is to integrate discriminative
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Fig. 6. The model-view consistency is evaluated on all image pixels. We
evaluate the distance of each pixel to the foreground character and the
background as described in Equation (3) and sums the cost over all
pixels to obtain the model-view consistency.

methods with [3] and improve the complexities of initializing our appearance model. Furthermore, considering the
illumination variations of the video sequences, manually
select the foreground and background frames would make
our appearance models more accurate.

4

P OSE E STIMATION

Our pose estimation starts from a rough registered skeleton
at the first frame and tracks the skeleton in a frame-by-frame
manner. At each frame, we first adopt a sampling-based
global optimization to find a rough estimation. We then take
a gradient descendent method to refine the pose locally. In
the whole process, we deliberately remove the silhouette
constraints to avoid tedious video segmentation.
4.1

Sample-based Pose Optimization

For each sampled pose χ, we deform the template mesh and
project it into images via camera parameters. An energy
function is then computed from all pixels in the image
plane. In order to accelerate the computation, we bound the
computed pixels in a rectangle, which is estimated from the
projected silhouette of previous frame and the precomputed
average optical flow of the character pixels.
Note the mesh model M(χ) should be first computed
to evaluate χ. This involves updating each vertex according
to Equation (1). (We often omit the dependency on χ when
referring to a vertex v or M for notation simplicity.) For
better computation efficiency, we take the Taylor expansion
of v(χ) and compute the vertex coordinate as,
v(χ + ∇χ) = v(χ) + J∇χ.

(4)

Here, J is a Jacobi matrix [50]. In this way, we can compute
M efficiently when continuously updating χ.
The Energy Function of sample-based pose optimization
contains a model-view consistency and a view-view consistency as the following,
X
X
mv
vv
Eopt (χ) =
Em
(χ) + λ
Em,n
(χ).
(5)
m

m,n

The combination weight λ is fixed as 0.3 in all of our
experiments. Here, m, n are the indices for cameras. The
mv
model-view consistency Em
(χ) interprets each pixels as
foreground or background according to the proposed apvv
pearance model. The view-view consistency Em,n
(χ) is an

Fig. 7. The view-view consistency is computed only for pixels covered
by the projected mesh. We use the projected mesh triangle index to
build the pixel correspondences across different views and compute the
consistency cost by their Euclidean distances in RGB space.

implicit 3D constraint, which can alleviate the appearance
variation caused by temporal illumination changes.
The Model-View Consistency evaluates a cost at each pixel
and sums it over all pixels. Specifically, we evaluate the
distance of each pixel to the foreground character and the
background as described in Equation (3). We denote the
model distances of pixel p to the background and foref
b
, respectively. If the pixel p is covered
and ψm
ground as ψm
by the projected character mesh M under the sampled
f
b
f
).
+ ψm
/(ψm
pose χ, its consistency cost is computed as ψm
f
b
b
).
Otherwise, its consistency is evaluated as ψm /(ψm + ψm
Briefly, this term has the following formulation,
(
f
b
b
X ψm
),
p∈
/ S;
+ ψm
/(ψm
1
mv
Em
(χ) =
(6)
f
b
f
M1 p
p ∈ S.
ψm /(ψm + ψm ),
Here, M1 is the number of pixels in the bounded rectangle
and S is the set of pixels covered by the projected mesh M.
b
is frame-dependent, where we
The computation of ψm
use the closest frame to the current frame in Γ, denoted as
b
b
. The meaning of Γ is described in Section
t, to compute ψm
3.2. Mathematically, b
t = arg min |γn − t|, γn ∈ Γ, where t is
the index of current frame. We warp the b
t-th frame to the
current frame by the as-similar-as-possible method in [51].
After warping, if a pixel p is covered by a triangle 4 on
the background in the b
t-th frame, we use the triangle color
4,b
t
model ψm
to compute the background model distance
of the pixel p. Otherwise, we find the nearest background
triangle in the warped image to compute the background
b
model distance. Since the background model distance ψm
b
does not vary with sampled poses, we can pre-compute ψm
to accelerate the computation during the sampling based
optimization.
f
As for the foreground model distance ψm
, we compute it
according to the projected mesh M. Specifically, for a pixel
f
p covered by a triangle 4 from M, we compute ψm
with
the color model of 4. If p is not covered by any triangles, its
f
ψm
is set to τ as described in Section 3.2. It should be noted
that not all mesh triangles have color models. We also set τ
as the foreground model distances for those pixels covered
by such triangles.
The View-View Consistency is computed only for pixels
covered by the projected mesh M. Suppose pixel pm in
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camera m is covered by a triangle 41 on the projected method in [4] to improve the initialization, which gives
mesh M. We obtain its 3D position by intersecting 41 with faster convergence rate (e.g. smaller iteration times).
the view ray passing through pm . We then compute the
projected 2D position of this 3D point in camera n via its 4.2 Gradient Descendent Pose Refinement
parameters, which is denoted as pn . It is noted that pm
and pn may be covered by different triangles due to mesh The sample based pose optimization enjoys small drifting
self-occlusions. This mesh triangle coverage can be easily error during pose tracking. But the randomly generated
checked though rendering procedure. Suppose pn is cov- samples are often suboptimal, e.g. the captured skeleton
ered by 42 , we compute the geodesic distance Geo(41 , 42 ) motion suffers from significant temporal jitter. Therefore, we
between 41 and 42 , which is the shortest path from 41 to apply a local gradient descendent based method to refine
42 on the mesh M. One possible condition is that pn may the skeleton pose.
For better efficiency, we adopt a simplified energy term
not be covered by any triangles of the projected character
than
Equation (5) as the following,
mesh, where the geodesic distance is computed as infinity.
If the geodesic distance is less than a threshold (in all our
Eref (χ) = E data (χ) + λreg E reg (χ).
(8)
experiments, this threshold is set as 5 triangles), pm and pn
data
is a data term measuring how well the
are considered in correspondence and we compute the view- The term E
deformed
pose
fits
to the observation. The term E reg is a
view consistency cost by their Euclidean distance in RGB
space. Otherwise, if the geodesic distance is larger than the smoothness prior. The coefficient λreg is fixed at 3.0 in all
threshold, the view-view consistency cost is set to τ . (please of our experiments. We optimize Equation (8) by the warm
started shooting method [52].
refer to Equation (3) for τ )
We use ctn (pm ) to denote the Euclidean distances be- Data Term. For each camera m, we take a 3D point v on M,
tween pm and pn . The view-view consistency term is finally whose 2D projection locates on the projected mesh contour.
defined as,
We search a close enough edge pixel p in the camera m,

where
its color and edge orientation are best consistent
t
X
Geo(41 , 42 ) ≤ 5;
min(cn (pm ), τ ),
1
vv
with the 2D projection pixel of v. We minimize the distance
Em,n
(χ) =
M2
τ,
otherwise.
between v and the 3D optical ray from p passing through
p∈S
(7) the optical center of the camera m. Similar to [3], the data
term is defined as,
Here, M2 is the number of pixels covered by M.
X X
v(χ) × ntm − mtm 2 .
(9)
E data (χ) =
The Optimization of Equation (5) is solved by a samplem
v
∈T
(m)
based method. Our skeleton pose χ has 39 degree-offreedoms (DOFs). Directly sampling in this 39D space re- Here, T (m) is the set of 3D points, whose 2D projections
quires a large set of samples to guarantee good results. locate on the projected mesh contour at the camera m,
For example, suppose we sample each dimension indepen- (nt , mt ) is the Plücker coordinate of the 3D optical ray.
m
m
dently, and take equal probability to increase or decrease We use Canny detector to compute the edge orientation of
the value in each dimension. In this way, in each dimension, pixels. Color consistency is computed by Euclidean distance
there are 50% chance to create a sample that is closer to in RGB space.
the optimal result. This naı̈ve sampling scheme will require
generating and evaluating 239 samples at each iteration to Smoothness Prior. We introduce a novel smoothness moguarantee good performance. For efficiency consideration, tion term,
E reg (χ) = k∇χk1 + k∇p χk2 .
(10)
we take a divide and conquer approach to solve the skeleton
poses of the four limbs independently.
Here, the second term is the L2 difference between χt and
Specifically, we divide the character to torso and four χ̄, which is a pose predicted by a linear 3rd order autolimbs. We first solve the global rigid motion and parameters regression [3] from previous skeleton poses. The first term
of joints on the torso. After that, we solve the joint parame- is the L norm of ∇χ = χt − χt−1 , which enforces sparsity
1
ters of each limb respectively. In this hierarchical approach, on the temporal gradient of χ. This L norm requires the
1
each time the DOFs is kept at 6 ∼ 7 and a much smaller set number of moving joints to be as few as possible, which is
of samples are sufficient. In the sampling-based optimiza- intuitively true, even for dramatic and fast motions, since
tion, Equation (5) is minimized via the interacting simulated many joints are unchanged at neighboring frames.
annealing (ISA) techniques [31]. We randomly sample 2n +P
(n is the DOFs, P = 40 in our experiments) skeleton poses
based on the result at previous iteration. Each sample is 5 E XPERIMENTS
weighted by the energy Eopt of Equation (5). New skeleton
poses are generated through the re-sampling according their We tested our system on several examples with input videos
weights and mutation procedures. We repeat this iterative taken by 2-3 handheld cameras. We used the SONY HDRre-sampling and mutation 25 times, and compute the final CX700 camera, GoPro Hero4 and iPhone to capture our
result as a weighted average of the last set of skeleton poses. examples. All the raw videos were recorded at 1920 × 1080
resolution and the frame rates are 60fps. We downsized
Initialization We initialize the sampling-based optimization them to 960 × 540 for computational efficiency consideraby the skeleton pose from the previous frame. To facilitate tion. We also tried the sequence of subject S4 in HumanEvaI
quick convergence, we adopt the optical flow based tracking dataset [53] since only the 3D surface mesh model of subject
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

Fig. 8. Typical results including examples with variant illumination, fast motion. The input are 2-3 videos. Our method correctly tracks the whole
sequence after building the foreground and background models.
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(a)

(b)

(c)

(d)

Fig. 9. Monocular tracking result. (a) is the original image, (b) is the tracking skeleton with only one view. We projected the tracked human pose into
other two views as shown in (c) and (d).

S4 is provided and we only used three color cameras data to
perform the motion capture. In our current implementation,
the sample based optimization takes about 1.2 minutes for
each frame. The local refinement takes a few seconds per
frame.
Typical result. We evaluate our method on various different
videos. Some typical results are shown in Figure 8. Please
refer to our supplementary videos to see the recovered
skeleton in motion. (a) shows a Tai-Chi coacher captured
by three handheld camcorders. The view angle difference
between neighboring cameras is from 10 to 30 degrees,
with average of 16 degrees. The motion capture algorithm
correctly tracks all the 500 frames and only the first frame
is used to build the foreground and background model. (b)
and (f) show fast flip sequences captured by two handheld
mobile phones, whose view angles are separated by only 5
degrees in the whole sequence. (c), (d) and (e) are walking
sequences captured by two cameras, with 450 frames, 150
frames and 200 frames respectively. We use 5 frames, 1
frame and 3 frames respectively to build the appearance
model. (g) shows an example captured in a corridor in the
evening with two cameras. There are strong illumination
changes when the character walks under the ceiling lights.
(i) and (j) are the examples from HumanEvaI database. Our
method succeeds in all these examples. It demonstrates the
strength of our technique that broadens the operation range
of markerless motion capture. We also tried the data from
TNT16 dataset [54], we utilize three cameras (i.e., camera
0, 2, 4) to perform our method and 3 frames per 200 frames
are selected to build the foreground and background model.
Our algorithm succeeds on the video sequence. (k) and (l)
in Figure 8 show the tracking results.
Besides, we captured an example with two handheld
cameras in a grove as shown in Figure 10. There are strong
illumination changes when the character walks in the grove.
Our method also performs well on this variant illumination
case.
For some specific motions, our method can even work
with monocular video sequence as shown in Figure 9. This
demonstrates the capabilities of our model-view consistency, which considers both the normalized background and

(a)

(b)

(c)

Fig. 10. Variant illumination result. (a) is the original image, (b) and (c)
are the projected tracking meshes and skeleton respectively. This example demonstrates that our method also performs well on illumination
varying conditions.

foreground consistency cost in the tracking stage.
Component Evaluation. The importance of several components in the proposed method is evaluated. We have
tested the built background color model and the influence
of sampling-based global optimization. Besides, we also
checked the proposed L1 regularizer. All the experiments
have demonstrated the efficiency and effectiveness of our
proposed method.
•

Background Model. To evaluate the proposed background model, we track the human pose by increasing the number of selected frames to build the background model. The resolution of deformable 2D grid
is 16 × 16, which gives 512 triangles. We found that
similar results were obtained with the grid resolution
from 10 × 10 to 20 × 20. We compared the results
of not using background model as well as selecting
1 and 2 frames to build our background model in
the tracking stage. The frames are uniformly selected
every 150 frames and the number of total frames
are 450. Figure 11 shows the comparison result. This
example clearly shows that background model is
important for successful tracking and more selected
frames to build the background model could improve the robustness of our method.

•

Sample-based Pose Optimization. We dropped the
sample-based pose optimization and searched the
human pose directly via gradient descendent method
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(a)

(b)

(c)

(d)

Fig. 11. Comparison with background model evaluation. (a) is the original image, (b) is the tracking result without background model, (c) is the
tracking result with 1-frame background model, (d) is the tracking result
with 2-frames background model.

to evaluate the importance of sample-based global
optimization. Figure 12 shows the comparison result. It dramatically fails the pose estimation after
16 frames in this example, where there are similar
foreground and background colors in the arm region.
The reason for tracking failure is from the error
accumulation in a frame-by-frame tracking manner
and our proposed sample-based pose optimization
could alleviate the error accumulation and obtain
successful tracking result.
•

•

Importance of View-View Consistency. The importance of proposed view-view consistency term is also
evaluated in the sample-based global optimization.
We dropped the view-view consistency term and
perform the sample-based global optimization with
only the model-view consistency term in (5). Figure 13 shows the comparison result. It fails when
there exist strong shadows since the foreground color
model can not model the color distributions well
and our proposed view-view consistency term can
penalize the ambiguities of illumination variations
and obtain successful tracking result.
Importance of L1 . Figure 14 demonstrates the advantage of L1 regularizer, where (a) are two input video frames, (b) and (c) are the corresponding
skeleton poses estimated without and with our L1 norm based smoothness regularizer. It is clear this
regularizer produces better results.

Quantitative Evaluation. To provide a quantitative evaluation, we capture video clips (500 frames) in a Vicon room
with two GoPro Hero4 Cameras. We attach some stickers to
the black motion capture suite to facilitate feature correspondences. We use only the first frame to build the character
and background model. The Vicon system uses a different
skeleton model than our system, so we compare the 3D
positions of Vicon marker with our tracked mesh model.
Specifically, we search the nearest point on the character
mesh to each 3D Vicon marker at the first frame and fix the
correspondences for the whole sequence. The nearest point
is represented as barycentric coordinates on the character
mesh. For each frame, we compute the average Euclidean
distance as the quantitative pose error. The last column
of Figure 15(a) shows the 3D mesh models recovered by

(a)

(b)

(c)

Fig. 12. Comparison with sample-based pose optimization. (a) are two
input video frames, (b) and (c) are the tracking results without and with
the proposed sample-based pose optimization.

(a)

(b)

(c)

Fig. 13. Comparison with view-view consistency term. 3 cameras which
have about 20 degree spanning angles are used to estimate the human
pose. (a) is the original image, (b) and (c) are the tracking results without
and with the proposed view-view consistency term.

our method. Comparing with this Vicon ‘ground truth’, the
average position error of all marker points varies from 2.48
to 6.20 cm over 500 different frames, with the mean value
of 4.23 cm. This error could come from camera calibration,
skeleton skinning, and the registration and synchronization
of our results with the Vicon ‘ground truth’. Considering
our simple data capture setup, this error is reasonable. We
also tried the method in [4] on our data. It fails on the Vicon
room videos because the black motion capture suit is not
suitable for its shape-from-shading model. Some qualitative
comparisons are included in the supplementary video.
Comparison with Previous Methods. We provide quantitative comparison with PoseCut [19], and the method in [12]
on the Vicon sequence. We implemented both methods by
ourselves. For the PoseCut algorithm, we adopt the graphcut library from http://vision.csd.uwo.ca/code/, though
dynamic graph-cut is used in the original paper for better
efficiency. Since the method in [12] is designed to work with
silhouette, we iteratively solved the video segmentation and
pose tracking at each frame. We found that the method
in [12] reached the local minimum after 5 iterations. We
also compared the result after 1 and 5 iterations in this
experiment. Due to the simple cameras set up, these two
methods can not correctly recover the skeleton motion,
as demonstrated in Figure 15(a). We further plot the per
frame average position error of Vicon marks in Figure 15(b).
PoseCut produces the average error of 12.24 cm and the
method in [12] produces 7.06 cm when it converges after 5
iterations.
Limitations and Future Work. Our method relies on the
structure-from-motion (SfM) algorithm (CoSLAM [46]) to
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only two mobile phone cameras following the moving character. Our method significantly simplifies the data capture
and broadens the operation range of markerless motion
capture.
(a)

(b)

(c)

Fig. 14. Comparison with L1 regularizer. (a) is the original image, (b)
and (c) are the estimated poses without and with our L1 -norm based
smoothness regularizer. Note the skeleton joint of left arm.

calibrate camera poses. Thus, it cannot work on examples
where the SfM system fails, e.g. at overcrowded scenes. SfM
also suffers from drifting errors. In the future, we plan to
take a similar strategy as [13] to capture some background
images of the static environment beforehand, which can
significantly improve the robustness of the SfM system and
reduce the drifting error. Our method is not good at dealing
with the character with loose clothing since the skinning
weights are changed overtime. Our method does not make
assumptions about the motions and it could fail for some
challenging cases (e.g., a person rotates with the torso). Our
method also cannot capture motions of tightly interacting
characters.
One possible way to improve our method is to include
the discriminative joint detection [15] and put this constraint
into the energy minimization. Furthermore, the objective of
global optimization and local optimization is not consistent,
it would be a future direction to use the recent differential scene model [32] to improve our sample-based global
optimization objective and perform the outdoor markerless
motion capture with a few hand-held cameras.
The current implementation of our method is time consuming and this time cost mainly comes from the samplingbased global optimization. Future work can be done by several acceleration strategies. We can reduce the time cost by
performing the sampling-based optimization in GPU since
the data transfer from GPU server to CPU client spends
lots of time. We can also modify the global optimization
strategies such as 1) performing a motion speed detection
and do the global optimization when the motion speed is
larger than a threshold; 2) optimizing only some typical
DoFs when the differences of the model-view consistency
and view-view consistency is larger than a threshold. We
hope that these solutions would potentially speed up our
algorithm.
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motion capture using inverse kinematics and von mises-fisher
sampling,” in Proc. of ICCV, 2011.
A. Elhayek, E. Aguiar, A. Jain, J. Tompson, L. Pishchulin, M. Andriluka, C. Bregler, B. Schiele, and C. Theobalt, “Efficient convnetbased marker-less motion capture in general scenes with a low
number of cameras,” in Proc. of CVPR, 2015.
C.-H. Huang, E. Boyer, N. Navab, and S. Ilic, “Human shape and
pose tracking using keyframes,” in Proc. of CVPR, 2014.
A. Elhayek, C. Stoll, N. Hasler, K. I. Kim, H. Seidel, and
C. Theobalt, “Spatio-temporal motion tracking with unsynchronized cameras,” in Proc. of CVPR, 2012.
C. Stoll, N. Hasler, J. Gall, H.-P. Seidel, and C. Theobalt, “Fast articulated motion tracking using a sums of gaussians body model,”
in Proc. of ICCV, 2011.
M. Bray, P. Kohli, and P. H. Torr, “Posecut: Simultaneous segmentation and 3d pose estimation of humans using dynamic graphcuts,” in Proc. of ECCV, 2006.

1077-2626 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TVCG.2017.2693151, IEEE
Transactions on Visualization and Computer Graphics
11

Avg error
(cm)
20
Frame
#80

18
16

Pose Cut [17]
Hasler et al. [10] 1 iter
Hasler et al. [10] 5 iters
Our Method
1 iteration

14
12

5 iterations

10
8

Frame
#380

6

4
2

0

(a)

50

100

150

200

250

300

350

400

450 Frame

(b)

Fig. 15. Quantitative comparison with PoseCut [19] and the method in [12]. (a) shows the result of two selected frames: the 1st column are the
original frames, the 2nd and 3rd column are the tracking results via PoseCut [19] and the method in [12] respectively. the 4th column are the results
of our method. (b) shows the per frame average Vicon marker position error of different methods.

[20] Y. Liu, C. Stoll, J. Gall, H.-P. Seidel, and C. Theobalt, “Markerless
motion capture of interacting characters using multi-view image
segmentation,” in Proc. of CVPR, 2011.
[21] M. de La Gorce, D. J. Fleet, and N. Paragios, “Model-based 3d
hand pose estimation from monocular video,” Pattern Analysis and
Machine Intelligence, IEEE Transactions on, vol. 33, no. 9, pp. 1793–
1805, 2011.
[22] M. M. Loper and M. J. Black, “Opendr: An approximate differentiable renderer,” in Proc. of ECCV, 2014.
[23] J. Carranza, C. Theobalt, M. A. Magnor, and H.-P. Seidel, “Freeviewpoint video of human actors,” ACM Trans. Graph., vol. 22,
no. 3, pp. 569–577, 2003.
[24] J. Deutscher, A. Blake, and I. Reid, “Articulated body motion
capture by annealed particle filtering,” in Proc. of CVPR, 2000.
[25] C. Cagniart, E. Boyer, and S. Ilic, “Free-form mesh tracking: a
patch-based approach,” in Proc. of CVPR, 2010.
[26] P. Huang, M. Tejera, J. P. Collomosse, and A. Hilton, “Hybrid
skeletal-surface motion graphs for character animation from 4d
performance capture,” ACM Trans. Graph., vol. 34, no. 2, pp. 17:1–
17:14, 2015.
[27] A. Taneja, L. Ballan, and M. Pollefeys, “Modeling dynamic scenes
recorded with freely moving cameras,” in Computer Vision–ACCV
2010. Springer, 2011, pp. 613–626.
[28] C. Wu, K. Varanasi, Y. Liu, H.-P. Seidel, and C. Theobalt, “Shadingbased dynamic shape refinement from multi-view video under
general illumination,” in Proc. of ICCV, 2011.
[29] C. Bregler, J. Malik, and K. Pullen, “Twist based acquisition and
tracking of animal and human kinematics,” International Journal of
Computer Vision, vol. 56, no. 3, pp. 179–194, 2004.
[30] C.-H. Huang, E. Boyer, and S. Ilic, “Robust human body shape and
pose tracking,” in Proc. of 3DV, 2013.
[31] J. Gall, B. Rosenhahn, T. Brox, and H.-P. Seidel, “Optimization
and filtering for human motion capture,” International Journal of
Computer Vision, vol. 87, no. 1-2, pp. 75–92, 2010.
[32] H. Rhodin, N. Robertini, C. Richardt, H.-P. Seidel, and C. Theobalt,
“A versatile scene model with differentiable visibility applied to
generative pose estimation,” in IEEE International Conference on
Computer Vision, 2015, pp. 765–773.
[33] T. B. Moeslund, A. Hilton, and V. Krüger, “A survey of advances
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