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Abstract
We present a novel method for accurate marker-less
capture of articulated skeleton motion of several subjects
in general scenes, indoors and outdoors, even from input
filmed with as few as two cameras. Our approach unites
a discriminative image-based joint detection method with a
model-based generative motion tracking algorithm through
a combined pose optimization energy. The discriminative
part-based pose detection method, implemented using Convolutional Networks (ConvNet), estimates unary potentials
for each joint of a kinematic skeleton model. These unary
potentials are used to probabilistically extract pose constraints for tracking by using weighted sampling from a
pose posterior guided by the model. In the final energy,
these constraints are combined with an appearance-based
model-to-image similarity term. Poses can be computed
very efficiently using iterative local optimization, as ConvNet detection is fast, and our formulation yields a combined pose estimation energy with analytic derivatives. In
combination, this enables to track full articulated joint angles at state-of-the-art accuracy and temporal stability with
a very low number of cameras.

Figure 1. Our ConvNet-based marker-less motion capture algorithm reconstructs joint angles of multiple people performing complex motions in outdoor settings, such as in this scene recorded
with only three mobile phones: (left) 3D pose overlaid with one
camera view, (right) 3D visualization of captured skeletons.

model with attached shape proxies, and they track the motion by optimizing an alignment metric between model and
images in terms of the joint angles. Formulating and optimizing this usually highly non-convex energy is difficult.
Global optimization of the pose is computationally expensive, and thus local methods are often used for efficiency,
at the price of risking convergence to a wrong pose. With
a sufficiently high number of cameras (≥ 8), however, efficient high accuracy marker-less tracking is feasible with
local pose optimizers. Unfortunately, this strategy starts to
fail entirely if only 2 − 3 cameras are available, even when
recording simple scenes inside a studio.
In a separate strand of work, researchers developed
learning-based discriminative methods for body part detection in a single image. Since part detection alone is often
unreliable, it is often combined with higher-level graphical
models, such as in pictorial structures [3], to improve robustness of 2D part or joint localization. Recently, these 2D
pose estimation methods were extended to the multi-view
case, yielding 3D joint positions from a set of images taken
at the same time step [5]. Detection-based pose estimation
can compute joint locations from a low number of images
taken under very general conditions. However, accuracy of

1. Introduction
Optical motion capture methods estimate the articulated
joint angles of moving subjects from multi-view video
recordings. Motion capture has many applications, for instance in sports, biomedical research, or computer animation. While most commercial systems require markers on
the human body, marker-less approaches developed in research work directly on unmodified video streams [27, 32,
35]. Latest work shows that marker-less skeletal motion
tracking is also feasible in a less controlled studio setting
and outdoors, as well as in front of more general backgrounds where foreground segmentation is hard [15, 21].
Commonly these methods rely on a kinematic skeleton
1

estimated joint locations is comparably low, mainly due to
the uncertainty in the part detections, and pose computation
is far from real-time. Also, the approaches merely deliver
joint positions, not articulated joint angles, and results on
video exhibit notable jitter.
This paper describes a new method to fuse marker-less
skeletal motion tracking with body part detections from a
convolutional network (ConvNet) for efficient and accurate
marker-less motion capture with few cameras. Through fusion, the individual strengths of either strategy are fruitfully
enforced and individual weaknesses compensated. The core
contribution is a new way to combine evidence from a
ConvNet-based monocular joint detector [39] with a modelbased articulated pose estimation framework [38]. This is
done by a new weighted sampling from a pose posterior
distribution guided by the articulated skeleton model using
part detection likelihoods. This yields likely joint positions
in the image with reduced positional uncertainty, which are
used as additional constraints in a pose optimization energy. The result is one of the first algorithms to capture
temporally stable full articulated joint angles from as little as 2-3 cameras, also of multiple actors in front of moving backgrounds. We tested our algorithm on challenging
indoor and outdoor sequences filmed with different video
and mobile phone cameras, on which model-based tracking alone fails. The high accuracy of our method is shown
through quantitative comparison against marker-based motion capture, marker-less tracking with many cameras, and
detection-based 3D pose estimation methods. Our approach
can also be applied in settings where other approaches for
pose estimation with a low number of sensors, that are based
on depth cameras [4] or inertial sensors [31], are hard or
impossible to be used, e.g. outdoors. The accuracy and stability of our method is achieved by carefully and cleverly
combining all input information (i.e. 2D detections, the
pose of the previous frame, several views, the 3D-model,
and camera calibration). For instance, our method provides
1) strategies to select the correct scale of the ConvNet; 2)
strategies to avoid tracking failure by weighting the final
contribution of each estimate and by limiting the search
space; 3) a new term which carefully integrates the body
part detections from all cameras.

2. Related Work
Human motion capture algorithms from input video have
seen great advances in recent years. We refer the reader to
the surveys [27, 32, 35] for a detailed overview. In summary, the approaches can be divided into two categories:
methods based on multi-view input and methods that rely
on a single view.
The majority of the multi-view approaches combine a
body model of the subject to be tracked, represented as a
triangle mesh or simple primitives, with data extracted from

the input images. Usually, they differ in the type of image features used and in the way optimization is performed.
The multi-layer framework presented in [18] uses a particlebased optimization to estimate the pose from silhouette and
color information. The approaches presented in [6, 25, 26]
use training data to learn a motion model or a mapping from
image features to the 3D pose. Tracking without silhouette information is also possible by combining segmentation
with a shape prior and pose estimation. The approach described in [8] uses graph-cut segmentation, the techniques
presented in [9, 19] use a level set segmentation with motion features or an analysis-by-synthesis approach. Alternatively, the approach in [38] presents an analytic formulation
based on a Sums-of-Gaussians model. Usually, the performance of the approaches is measured on the HumanEVA
benchmark [35].
More recent works make use of additional sensors, such
as inertial sensors [31], or depth sensors [4, 43]. Other
works try to overcome limitations of the multi-view motion
capture approaches, allowing motion tracking with moving
or unsynchronized cameras [21, 34, 14, 15]. However, most
of them still rely on a sufficiently high number of cameras
and they would fail if a small number of cameras are available, even when recording simple scenes.
In a second category of approaches, methods try to infer
poses from single-view images, or motions from monocular
video. Most of the methods for human pose estimation are
based on the pictorial structures (PS) model [17, 16] that
represents the body configuration as a collection of rigid
parts and a set of pairwise part connections. A large number of algorithms have been proposed [13, 3, 42, 12, 33].
Yang&Ramanan [42] proposed a flexible mixture of templates based on linear SVMs. Approaches that model yet
higher-order body-part dependencies have been proposed
more recently. Pishchulin et al. [29, 30] model spatial relationships of body-parts using Poselet [7] priors and a DPM
based part-detector. Sapp&Taskar [33] propose a multimodal model which includes both holistic and local cues
for mode selection and pose estimation. Similar to the Poselets method, using a semi-global classifier for part configuration, the Armlets approach by Gkioxari et al. [20] shows
good performance on real-world data, however, it is demonstrated only on arms. Furthermore, all these approaches
suffer from the fact that the features used (HoG features,
edges, contours, and color histograms) are hand-crafted and
not learnt.
Convolutional networks (ConvNets) are by far the best
performing algorithms for many vision tasks. The state-ofthe-art methods for human-pose estimation are also based
on ConvNets ([40, 22, 39, 23, 11]). Toshev et al. [40]
formulate the problem as a direct regression to joint location. Chen et al. [11] improve over [40] by adding an image dependent spatial prior. Jain et al. [22] train an image

patch classifier which is run in a sliding-window fashion at
run time. Tompson et al. [39] use a multi-resolution ConvNet architecture to perform heat-map likelihood regression which they train jointly with a graphical model. However, apart from the new advances of these approaches, they
still do not reach the same accuracy of multi-view methods,
mainly due to the uncertainty in the part detections. In addition, they usually only work on very simplified models with
few degrees of freedom, and the results usually exhibit jitter
over time.
Only a few methods in the literature are able to combine
the individual strengths of both strategies. Using a depth
camera, Baak et al. [4] introduce a data-driven hybrid approach combining local optimization with global pose retrieval from a database for real-time full body pose reconstruction. Sridhar et al. [37] also uses a hybrid solution,
combining a discriminative part-based pose retrieval technique with a generative pose estimation method, for articulated hand motion tracking using color and depth information. However, to the best of our knowledge, our paper presents one of the first algorithm to fuse marker-less
skeletal motion tracking with body part detections from a
convolutional network (ConvNet) for efficient and accurate
marker-less motion capture with a few consumer cameras.
This enables us to accurately capture full articulated motion
of multiple people with as little as 2-3 cameras in front of
moving backgrounds.

3. Overview
Input to our approach are multi-view video sequences of
a scene, yielding n frames I = I1c , ..., Inc for each static and
calibrated camera c ∈ C. Cameras can be of varying types,
and resolution, but run synchronized at the same frame rate.
We model each human in the scene with an articulated
skeleton, comprising of 24 bones and 25 joints. Joint angles and global pose are parameterized through 48 pose parameters Θ represented as twists. Later, for 13 of the joints
- mostly in the extremities - ConvNet detection constraints
are computed as part of our fused tracker. In addition, 72
isotropic Gaussian functions are attached to the bones, with
each Gaussian’s position in space (mean) being controlled
by the nearest bone. Each Gaussian is assigned a color, too.
This yields an approximate 3D Sum of Gaussians (SoG)
representation of an actor’s shape, that was first introduced
in [38]. In parallel, each input image is subdivided into regions of constant color using fast quad-tree clustering, and
to each region a 2D Gaussian is fitted. Before tracking commences, the bone lengths and the Gaussians need to be initialized to match each tracked actor. Depending on the type
of sequence (recorded by us or not), we employ an automatic initialization scheme by optimizing bone lengths, as
described in [38]. If initialization poses were not captured,
the model is manually initialized on the first frame of multi-

view video; see [38] for more details.
The baseline generative model-based marker-less motion capture approach by Stoll et al. [38] and its extensions [14, 15] use the above scene representation and estimate pose by optimizing a color- and shape-based modelto-image similarity energy in Θ. This smooth and analytically differentiable energy can be optimized efficiently,
which results in full articulated joint angles at state-of-theart accuracy if enough cameras (typically ≥ 8) are available, and if the scene is reasonably controlled, well-lit, and
with little background clutter. The method quickly fails,
however, if the number of cameras is below five, and if - in
addition - scenes are recorded outdoors, with stronger appearance changes, with multiple people in the scene, and
with more dynamics and cluttered scene backgrounds.
To make this model-based tracking strategy scale to the
latter more challenging conditions, we propose in this paper a new way to incorporate into the pose optimization
additional evidence from a machine learning approach for
joint localization in images based on ConvNets. ConvNetbased joint detection [39] shows state-of-the-art accuracy
for locating joints in single images, even under challenging and cluttered outdoor scenes. However, computed joint
likelihood heat-maps are rather coarse, with notable uncertainty, and many false positive detections. Extracting reliable joint position constraints for pose optimization directly
from these detections is difficult.
To handle these uncertainties, we propose a modelguided probabilistic way to extract most likely joint locations in the multi-view images from the uncertain ConvNet
detections. To this end, the pose posterior for the next frame
is approximated by importance sampling with weights from
the detection likelihood in the images. Here, the pose prior
is modeled reliably based on articulated motion extrapolation from the previous time step’s final pose estimate. From
the sampled posterior, a most likely image location for each
joint is computed, which is incorporated as constraint into
the pose optimization energy, Sec. 5. In conjunction, this
yields a new pose energy to be optimized for each time
frame of multi-view video.
E(Θ) =wcol Ecol (Θ) + wBP EBP (Θ)−
wl Elim (Θ) − wa Eacc (Θ)

(1)

where Ecol (Θ) is a color- and shape-based similarity
term between projected body model and images (Sec. 4),
EBP (Θ) is the ConvNet detection term (Sec. 5), and wcol
and wBP control their weights. Elim (Θ) enforces joint limits, and Eacc (Θ) is a smoothness term penalizing too strong
accelerations [38]. The weights wcol = 1, wBP = 5,
wl = 0.1 and wa = 0.05 were found experimentally and
are kept constant in all experiments.
This new energy remains to be smooth and analytically
differentiable, and can thus be optimized efficiently using

standard gradient ascent initialized with the previous time
step’s extrapolated pose. ConvNet detections can be computed faster too. By optimizing this new energy we can
track full articulated joint angles at state-of-the-art accuracy
on challenging scenes with as few as two cameras.

4. Appearance-based Similarity Term
The appearance-based similarity term Ecol [38] measures the overlap between a 3D model and the 2D SoG images for the images of each camera c. To this end, each 3D
model Gaussian is projected using the operator Ψ into camera view c with current pose Θ, yielding a projected model
SoG Km (Θ, c). The spatial and color overlap of each projected Gaussian basis function Bi (x) from Km (Θ, c) and
Bj (x) from the color image SoG KI c , is computed as:
E(KI c , Km (Θ, c))
Z
X
=

X

d(ci , cj )Bi (x)Bj (x) dx

Ω i∈Ψ(K (Θ,c)) j∈K c
I
m

X

=
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Eij ,

(2)

i∈Km (Θ,c) j∈KI c

Eij is the similarity between a pair of Gaussians Bi and Bj
given their assigned colors ci and cj :
Z
Eij = d(ci , cj )
Bi (x)Bj (x) dx
Ω
!
2
kµi − µj k
σi 2 σj 2
. (3)
exp − 2
= d(ci , cj )2π 2
σi + σj 2
σi + σj 2
The smooth function d(ci , cj ) measures the Euclidean
distance between ci and cj in the HSV color space and
feeds the result into a Wendland function [41].
To approximate occlusion effects [38], projected 3D
Gaussians are prevented from contributing multiple times
in Eq. (2), and thus the final appearance similarity term
computed over all cameras is
Ecol (Θ)

=

X X
c∈C j∈KI c

min 


X



Eij  , Eii  .

(4)

i∈Ψ(Km (Θ,c))

5. ConvNet Detection Term
We employ a ConvNet-based localization approach [39]
to compute for each of the nprt = 13 joints j in the arms,
legs and head a Heat-map image Hj,c for each camera view
c at the current time step (Sect. 5.1). We employ a weighted
sampling from a pose posterior guided by the kinematic
model to extract most likely 2D joint locations dj,c in each
image from the uncertain likelihood maps. These are used
as additional constraints in the pose optimization energy
(Sect. 5.2).

5.1. ConvNet Joint Detections
We briefly summarize the approach of [39, 23] which we
use for 2D part detection. This method achieves state of the
art results on several public benchmarks and is formulated
as a Convolutional Network [24] to infer the location of 13
joints in monocular RGB images.
The model is a fully convolutional network and is therefore a translation invariant part detector, see [39] for details.
It takes as input a single RGB image, creates a 3 level Gaussian pyramid and outputs 13 heat-maps Hj,c describing the
per-pixel likelihood for each of the 13 joints. Since the network consists of two 2 × 2 MaxPooling layers, the output
heat-maps are at a decimated resolution. We do not explicitly train the ConvNet on frames used in this work, but use a
net pre-trained on the MPII Human Pose Dataset [2], which
consists of 28,821 training annotations of people in a wide
variety of poses and static scenes. Note that training on our
own sequences (or sequences similar to ours) may increase
accuracy even further.
The first layer of the network is a local contrast normalization layer. This layer - in conjunction with the Gaussian pyramid input - creates 3 resolution images with nonoverlapping spectral content. The advantage of this representation is that it promotes specialization amongst the 3
resolution banks, reducing network redundancy and thus
improving generalization performance. Furthermore, the
use of multiple resolutions increases the amount of spatial
context seen by the network without a significant increase
in the number of trainable parameters. Each of the 3 images
is processed through a 4 stage Convolution-Non-Linearity1 MaxPooling network which creates a dense and high-level
feature representation for each of the multi-resolution images.
The convolution features are then feed through a 4
layer Convolution-Non-Linearity network which simulates
a fully connected neural network over a local receptive field
of size 96 × 96 pixels in the highest resolution image. The
first layer of this network (which is implemented as a 9 × 9
convolution layer) is split across the resolution banks, and
then approximated by up-sampling the lower resolution features to bring them into canonical resolution before linearly
combining them for processing into the three 1 × 1 convolution - Non-Linearity layers. To handle persons of different
s
size, we precompute heat-maps Hj,c
at 4 different scales s.
A major advantage of the ConvNet detections for 3D human
pose estimation is that they do not suffer from the front/back
ambiguity. We attribute this to their high discriminative
capacity, efficient use of shared (high-level) convolutional
features, learned invariance to input image transformations,
and large input image context.
1 For

all non-linearity layers we use a Rectified Linear activation [28]

Figure 2. Refinement of the Body Part Detections using the pose
posterior. Left: Overlay of the heat-map for the right ankle joint
over the input image. Middle: sampling from pose posterior
around the rough 2D position pinit
j,c (black dots). Right: The final refined location of the body part dj,c (blue dot).

5.2. Refining Joint Detections
s
The joint detection likelihoods in Hj,c
exhibit notable
positional uncertainty, false positives, and close-by multiple
detections in multi-person scenes, Fig. 3 (Left). We therefore propose a new scheme to extract the most likely location dj,c of each joint in each camera view (and for each
tracked person if multiple people are in the scene), given
the history of tracked articulated poses. Our approach is
motivated by weighted sampling from the 3D pose posterior distribution P (D|Θ).

P (Θ|D) ∝ P (D|Θ)P (Θ) .

weighted pose posterior samples
dj,c =

N
X

pi ∗ w(pi ).

(8)

i=1

(5)

Here, D is short for the image evidence. The likelihood
P (D|Θ) is represented by the ConvNet responses in the image plane. The pose prior P (Θ) is modeled by building a
Gaussian pose distribution with a mean centred around the
pose Θt0 predicted from the previous time steps as follows:
Θt0 = Θt−1 + α(Θt−1 − Θt−2 ) .

Figure 3. Left: Joint detection likelihoods for the right ankle in the
heat-maps Hj,c exhibit notable positional uncertainty, and there
are many false positives and close-by multiple detections. Right:
Even though two body parts for the same class (i.e. lower wrist)
are close to each other in the images, our approach is able to correctly estimate their individual locations.

(6)

where α = 0.5 for all sequences. In practice, we compute
for each joint a most likely location dj,c by weighted sampling from the posterior. Instead of working on all joints
and images simultaneously, we simplify the process, assuming statistical independence, and thus reduce the number of
samples needed by performing the computation for each image and joint separately. First, an extrapolated mean 2D
location of j in c is computed pinit
j,c by projecting to joint location in pose Θt0 into the image. Then we sample N = 250
2D pixel locations p from a 2D-Gaussian distribution with
mean µ = pinit
j,c and σ = 20 pixel. This can be considered a
per-joint approximation of the posterior P (Θ) from Eq (5),
projected in the image. Fig. 2 illustrates this process.
For each sample p we compute a weight w(p)
(
q
q
Hj,c
(p)
Hj,c
(p) > Hth
w(p) =
(7)
q
0
Hj,c (p) ≤ Hth
where we set Hth = 0.25. The final assumed position of
the joint dj,c is calculated as the average location of the

The latter step can be considered as finding the mode of the
weighted samples drawn from the posterior P (Θ|D) using
the ConvNet responses as likelihood. As a result, dj,c is
an accurate estimate of the actual 2D position of the body
part. Note that the size of the person in the image may vary
significantly over time and across camera views. To cope
with this, the scale q of the heat-map at which detections
are computed best is automatically selected for each camera, joint, and time step as part of the computation of dj,c .
Specifically, q is the scale s at which in a 50 × 50 pixel
neighborhood around pinit
j,c the highest detection likelihood
was found.
In case more than one body part of the same class (e.g.
left wrist) are close to each other in one of the views,
for instance if there are multiple actors in the scene (see
Fig 3(Right)), the value dj,c can be wrongly found as the
middle between the two detections. Since the heat-map
value at dj,c is comparably low in the middle between two
parts, such erroneous detections (e.g. with two nearby people in one view) can also be filtered out by the above weighting with a minimum threshold.
Our ConvNet joint detection term measures the similarity between a give pose Θ of our body model and the refined
2D body part locations. To this end, we first need to project
the 3D joint positions defined by Θ into the respective camera image plane using the projection operator Ψc of camera
c. We incorporate the detected joint locations dj,c into the
SoG model-based pose optimization framework by adding

the following term to Eq. 1:
EBP (Θ)
=

prt
X nX

c∈C

2

kΨc (lj (Θ)) − dj,c k
w(dj,c ) exp −
σ2
j=1

!
. (9)

Here, w(dj,c ) is a weight for a constraint computed as the
detection likelihood of the most likely image location dj,c ;
i.e. w(dj,c ) is the heat-map value at dj,c . lj (Θ) is the 3D
joint position of j if the model strikes pose Θ.

6. Experiments and Results
We evaluated our algorithm on six real world sequences,
which we recorded in an uncontrolled outdoor scenario with
varying complexity. The sequences vary in the numbers
and identities of actors to track, the existence and number of moving objects in the background, and the lighting
conditions (i.e. some body parts lit and some in shadow).
Cameras differ in the types (from cell phones to vision
cameras), the frame resolutions, and the frame rates. By
quad-tree decomposition, all images are effectively downsampled to a small resolution used in the generative energy
(i.e. blob frame resolution). For the joint detection computation, the full resolution images are used and four heatmaps, with different scales for the subject, are generated.
Please note that all cameras are frame synchronized. In particular, the cell phone cameras and the GoPro cameras are
synchronized using the recorded audio up to one frame’s
accuracy. Moreover, we recorded additional sequences in
a studio for marker-based or marker-less quantitative evaluation of skeletal motion tracking. The ground truth of the
Soccer sequence was computed based on manual annotation of the 2D body part locations in each view. The ground
truth of the M arker sequence was acquired with a markerbased motion capture system and the ground truth of Run1
was estimated based on marker-less tracking with a dense
setup (i.e. 11 cameras) using a variant of [38]. Table 1 summarizes the specifications of each sequence. Apart from
body model initialization, which requires the user to apply
a few strokes to background segment the images of four actor poses (see [38]), tracking is fully-automatic. Further, the
run-time of our algorithm depends on the number of cameras and actors, and the complexity of the scene, e.g. the
number of Guassians needed in 2D. For a single actor and
three cameras (e.g. the Walk sequence from the HumanEva
dataset [35]), our algorithm takes around 1.186s for processing a single frame.
Qualitative Results Figures 1 and 4 show example poses
tracked from outdoor sequences with our approach. Please
see also the accompanying video for additional results. Our
algorithm successfully estimated the pose parameters of the

actors in challenging outdoor sequences with two or three
cameras. In particular, our algorithm successfully tracked
the two actors in Soccer and Juggling, who often occlude
each other, it tracked the actors in highly cluttered scenes
(W alk2, Run2) - each of which contains many moving
people in the background, and it performed well in a sequence with strong lighting variations (W alk1). All of
these sequences were challenging to previous methods.
Quantitative Results We evaluated the importance of
each term of our combined energy function and compared
our method against state-of-the-art multi-view and 3D body
part detection methods. We evaluated the results of three
variations of our approach: gen neglecting the ConvNet detection term (i.e. wBP = 0 in Eq. 1), disc neglecting the
Appearance-based Similarity term (i.e. wcol = 0 in Eq. 1),
and gen+disc, our full combined energy (i.e. wBP = 5 and
wcol = 1). Please note that gen is similar to applying the
generative marker-less motion capture method proposed by
Stoll et al. [38].
In Table 2, we calculated the average overlap of the 3D
SoG models against one additional input view not used for
tracking for each sequence. This value is calculated using the Ecol (Eq. 4) considering only the additional camera
view. A higher number indicates that the reconstructed pose
(and model) matches better the input image. As can be seen
in Fig. 5, even small improves in the overlap value translates
to great improves in the tracking, e.g. hands and feet. The
results in the table show that our combined method achieves
higher accuracy than applying [38] or only applying the
ConvNet detection term. Please note that Max. Overlap
is the average overlap of the 3D SoG models, defined by
the ground truth model parameters. The method proposed
in [38] is used as ground truth for some sequences. However, it fails even with many cameras for outdoor sequences
(marked with * in the table). Fig. 5 shows the visual improvements of our solution. As shown in the images, by
combining both energy terms, we are able to better reconstruct the positions of the hands and feet.
We also compared the individual components of our approach in terms of the average 3D joint position reconstruction error over time. Table 3 summarizes the comparison
for the sequences that we have ground truth 3D joint positions (obtained with different methods depending on the
sequence). Fig. 6(top) shows the plot of the 3D joint position reconstruction error over time for sequence M arker
for all three variants. Fig. 6(bottom) shows visual results
for each variant. As seen in the images, our combined approach (gen+disc) is able to reconstruct the pose of the subject more accurately. Note that with a small camera setup
(only 2-3 cameras), our approach is able to reach a similar
level of accuracy achieved by a dense multi-view approach
in controllable indoor scenes.

Table 1. Specification for each sequence evaluated by our approach.

Sequence
Num. of Cams.
Num. of Frames.
Frame Rates
Camera Types
Input Frame Resol.
Blob Frame Resol.
Tracked Subjects
Moving backgroud

Soccer
Kickbox
3
3
300
300
23.8
23.8
cell-phone (HTC One X)
1280x720
160x90
2
1
No
No

M arker
Run1
2
3
500
1000
25
35
PhaseSpace Vision Camera
256x256
1296x972
256x256
160x90
1
1
No
No

Run2
2
600
30

W alk1
3
600
60

1
Yes

W alk2
3
210
30
GoPro
1280x720
240x135
1
1
Yes
Yes

Juggling
4
300
30

2
Yes

Figure 4. Qualitative results: From left to right particular frames for the Soccer, Juggling, W alk2, Run2 and W alk1 sequences
recorded with only 2-3 cameras. For each sequence, from top to bottom, 3D pose overlaid with the input camera views for two frames and
3D visualizations of the captured skeletons.
Table 3. Average 3D joint position error [cm].

Sequence
gen (Gen. term only)
disc (Discr. term only)
gen+disc (Comb. energy)
Figure 5. Particular frame for the Juggling sequence. From left
to right, comparison between gen+disc, disc and gen, respectively.
The individual strengths of both strategies are fruitfully enforced
in our combined energy, which allows more accurate estimation of
the positions of hands and feet.

Comparisons We evaluated our approach using the Boxing and Walking sequence from the HumanEva benchmark [35] and compared the results against Sigal et al.[36],
Amin et al. [1] and Belagiannis et al.[10]. Table 4 summarizes the comparison results. As seen in the table, Amin et
al. [1] shows very low average error but we also achieve
similar results using our hybrid approach, outperforming
the other methods; see supplementary document and video.

Soccer
13.93
3.79
3.95

M arker
6.39
5.69
3.92

Run1
13.50
6.11
5.84

Table 4. Average 3D joint position error for the HumanEva Walk
and Box sequences.

Sequence
Amin et al. [1]
Sigal et al. [36]
Belagiannis et al. [10]
Our approach

Walk [cm]
5.45
8.97
6.83
6.65

Box [cm]
4.77
6.27
6.00

Discussion Our approach is subject to a few limitations.
Currently, we can not track with moving cameras. With the
current method motion tracking with a single camera view

Table 2. Average overlap of the 3D SoG models against an input view not used for tracking.

Sequence
gen (Gen. term only) [38]
disc (Discr. term only)
gen+disc (Combined energy)
Max. overlap

Soccer
43.58
46.83
46.84
47.62

Juggling
58.48
60.72
62.87
*

M arker
49.33
46.99
54.17
60.58

Run1
47.04
52.86
53.23
53.58

Run2
17.93
55.96
55.98
*

W alk1
31.78
54.16
54.77
*

W alk2
34.12
34.96
35.52
*

Kickbox
57.07
58.01
59.32
*

Figure 7. Fast motions recorded with a lower frame-rate (23.8fps)
generate blurred images, which makes it hard for our method to
correctly track the foot with only 3 cameras.

Figure 6. (top) Plot showing the average 3D joint position reconstruction error for sequence M arker using 2 input cameras only.
(bottom) Visual results for variants gen+disc, disc and gen, respectively. Note that the correct reconstruction of the pose (e.g.
hands and feet) is only possible with the combined terms in the
energy function (gen+disc)

is not feasible. Also, the frame-rate of the camera needs to
be adequate to handle the speed of the recorded motion. For
example, if fast motions are captured with a lower framerate, we might not be able to track the sequence accurately,
as shown in Fig. 7 for the Kickbox sequence, recorded at
23.8fps. However, this is also a common problem with approaches relying on a dense camera setup. Unlike purely
generative methods, our approach is still able to recover
from the tracking errors, even with such fast motion, and
it can work correctly if a higher frame rate is used. Our approach works well even for challenging sequences like the
juggling, which contains a cartwheel motion. However, for
more complex motions, it might be necessary to re-train the
ConvNet-based method for improved results.

7. Conclusion
We presented a novel and robust marker-less human motion capture algorithm that tracks articulated joint motion
with only 2-3 cameras. By fusing the 2D body part detections, estimated from a ConvNet-based joint detection algorithm, into a generative model-based tracking algorithm,

based on the Sums of Gaussians framework, our system is
able to deliver high tracking accuracy in challenging outdoor environments with only 2-3 cameras. Our method also
works successfully when there is strong background motion
(many people moving in the background), when very strong
illumination changes are happening or when the human subject performs complex motions. By comparing against sequences recorded in controlled environments or recorded
with many cameras, we also demostrated that our system is
able to achieve state-of-the-art accuracy despite a reduced
number of cameras. As future work, we would like to investigate the use of unsynchronized or moving cameras in
our framework.
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