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Abstract
Motion capturing is a popular technique in movie production, for animated cartoons,
but also effectively used in computer games. The development of computer games
and animated cartoons requires a lot of manual work getting even more complicated
by the use of motion capturing data. Novel approaches try to employ machine learning
algorithms to support the computer assisted development of games and cartoons. The
major task we consider is to predict movements and gestures from motion capturing
data. In a small study we compare different machine learning approaches for the analysis of static and dynamic motion capturing data and highlight current potentials and
challenges.

1

Introduction

The virtual production of animations and effects for entertainment became more and
more important in the last decade. With the raise of simple and effective motion capturing systems it became possible to transfer the movements of real actors to virtual
avatars. This concept has now also moved to the field of game development and
the production of animated cartoons. To simplify the on hand production process, improved computer assistive systems are desirable. One interesting task is to predict
movements and gestures from motion capturing data, in general human motions. A
recent introduction to the field can be found in [15].
These prediction can be used to provide pre-defined models and data for the game
developer or the animator based on available databases. Here we address the objective to learn predictive models from a given set of static or dynamic motion capturing data. Our objective is to predict a class of similar motions, available in a training
database. This predicted class could than be further analyzed to provide e.g. a ranking
of similar motions. In the first part of the paper we briefly review related work, followed
by a brief discussion of different standard and recently proposed methods which can
be used to generate classification models based on static or dynamic motion capturing
data. We will focus on dynamic motion capturing data, in the form of larger, multidimensional time series. Subsequently we show results for a static and a dynamic
motion capturing study of human gestures and conclude with open issues and future
research questions.
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Related work

Motion capturing is a technology to record any kind of movements such that the movements can be analyzed by electronical systems. Here we consider the case of human
motion capturing and accordingly we are interested on the specific type of movements,
e.g. in relation to a specific body part. Motion capturing has attracted a lot of interest in
recent years, mainly driven by technological improvements of the acquisition systems.
While many approaches are still based on the professional Vicon system [2] also the
simple Kinect [1] technology was found to be very effective. In our study we are interested on gesture recognition for a wider group of applicants such that the Kinect
is an interesting option, given the results are reasonable accurate. Early approaches
typically analyze video sequences or multi-views and try to extract the body movements from the consecutive image frames [24, 21]. In the case of cartoon animation
also so called re-targeting was proposed, where the movements of cartoon figures are
transformed to new characters using rigid transformations [17, 5]. These approaches
obviously lack or do not need 3D information and can not be effectively used for the
motion capturing data considered here. The more recent approaches use in general
either the Vicon system or the Kinect, depending on the specific objective [3, 20, ?].
The later one is favored in applications were high accurate position measurements and
high frequency measurements are less relevant. Motion capturing has been applied in
very different areas, one major objective is gait recognition. This is of interest e.g. in
medicine, in sport research and bio-cybernetic research as well as robotics [20, 18].
Another field is the cartoon, movie and game production but also the field of surveillance systems [25, 13, 11]. Here the objective is in general to reconstruct the trace
of the observed movement for further post-analysis steps. A related problem is the
identification of the silhouette of a body in a complex scenery [7, 6]. All these methods
try to obtain an in deep analysis of the data, reconstruct a complex body model or operate in a complicated scenery. In our work we will try to provide a classification model
on rather simple features, directly obtained from the Kinect systems. The underlying,
hidden process and the relation between the measured features shall be learning using concepts from machine learning. Specifically we focus on Hidden Markov Models
(HMM) and Learning Vector Quantization (LVQ) originally proposed in the neural network domain. Both HMM and neural network concepts have been used already before
in the context of motion capturing and human action recognition [12, 16, 14] but not yet
in the line of supervised gesture recognition based on Kinect motion capturing data.

3

Methods

The motion capturing data are in general given as multiple measurements of references points in 3D, measured over a number of time steps, referred to as frames in the
following. The measurement points are reference markers between rigid body parts
e.g. bones of an assumed body model. This assumption is reasonable to simplify
the measurement process. Instead to measure a large point cloud it is sufficient to
focus on the reference points only. A detailed description of the process, focused on
the Kinect system is given in [14]. In the following we consider single frames (static
motion capturing data) and dynamic motion capturing data, based on multiple consecutive frames. The static data can be considered as standard datasets represented by a
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matrix of samples vs. features. Accordingly a multitude of methods can be used to define discrimination models. In the following we will consider a learning vector quantizer
(LVQ) extended by relevance learning as defined in [19], referred to as Generalized
Matrix LVQ (GMLVQ). GMLVQ defines a classification model based on so called prototypes (similar as cluster centers in k-means), which are prototypical representants of
the dataset, maximizing class separation. The model is based on a cost function employing a parametrized Euclidean distance. The adaptation of the metric parameters is
also focused on class separation and can be subsequently inspected to highlight most
discriminating features in a univariate or class correlative way. In the experiments we
will use one prototype per class and train the GMLVQ model until convergence of the
cost function is achieved. A detailed mathematical derivation of GMLVQ including a
discussion on relevance learning can be found in [19] and is skipped here for brevity.
Additionally we analyze the static data using a linear Support Vector Machine (SVM)
[23] and a SVM with an extreme learning (ELM) kernel [9].
For the dynamic data sets we first have to take into account that the number of
frames differs between the samples. Each sample can be considered as a, in general,
rather short multivariate times series. Classical dynamic time warping (DTW), see e.g.
[8], could be used but is complicated for multi-dimensional data. An alternative is to
employ Hidden Markov Models (HMM). We assume that an observed gesture, characterized by e.g. a different speed and person specific movements is caused by a simple
underlying generation model. Further we assume a limited number of hidden states,
defining the basic primitives of a movement. The structure of our HMM is depicted
in Figure 1. Obviously, it would be possible to reduce the number of free parameters
of the HMM by limiting the possible transitions to e.g loop forward transitions only or
to define alternative HMM structures, but this will be addressed in future experiments.
For dynamic data the HMM models the temporal dynamic (transition probabilities) in
consecutive frames and the most likely frame (emission probabilities) within a temporal
context. In our case we have a quite small database and the target classes contain
similar movements, e.g. all focusing on the upper body defined by very few reference
points in a 3D space. The pre-defined HMM structure has a direct impact on the representation accuracy of the data and more complex HMMs, by e.g. a larger number of
states, could be expected to perform better. Interestingly a doubling of states from 4 to
8 had only a weak effect such that we kept the 4 state representation. This can partially
be explained by the increased number of parameters which have to be estimated from
the data and can also introduce extra noise in the representation model.
The number of states can be considered as a meta parameter and could be optimized by a double crossvalidation scheme, given a reasonable number of data points.
Since the HMM is a representation model we combine it with different classifiers.
Thereby we consider either a single HMM for the whole dataset and use a gradient
representation per sample (see e.g. [22]) or one HMM per class, alternatively we also
employ a type of fisher kernel learning (FKL) as suggested in [22]. We use the following classifiers as a on top method to the HMM model: a nearest neighbor classifier
(NN), a soft-max classifier (SOFTMAX) a maximum aposterior classifier (MAP) and a
support vector machine classifier (SVM) see e.g. [4]. Another alternative is to align the
different sequences to obtain sample representations of equal length and to process
the data again by some of the classifiers mentioned above. Here we use a fast global
alignment kernel (GAK) [8] in favor of a classical dynamic time warping (DTW) or its
extensions for multi-dimensional due to time constraints. All datasets are evaluated
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Figure 1: Sample HMM with 4 hidden states. The transitions are indicated by doted
lines and the emissions by straight lines. The emissions are only exemplary and are
taken from wikimedia.
Representer
GMLVQ
linear SVM
ELM SVM

DS1
98.14% ± 1.62
99.2% ± 1.38
98.39% ± 2.50

DS2
89.85% ± 12.59
88.23% ± 10.71
79.43% ± 14.86

Table 1: Prediction accuracy (mean/std) for the static motion capturing data (DS1) and
(DS2) using different classifier approaches.
in a leave-one-out crossvalidation (LOO) such that all samples measured for a single
persons are kept out. The objective is accordingly to predict the movements of this
omitted person based on the data of the other persons.

4
4.1

Experiments
Static datasets

The static dataset consists of 2080 frames of 20 different gestures measured with multiple repeats for 10 persons. The gesture is captured by 20 body measurements in 3D
leading to 60 features per frame. A view of typical poses and labels is shown in Figure
2. The static data have been analyzed in two settings: (1) considering a 5 class classification problem (DS1), combining the classes for each position and (2) considering all
given 20 class labels (DS2).
The dataset has been normalized to N (0, 1).
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Figure 2: 5 classes of gestures measured as static single frames.
We observe that for DS1 all algorithm achieve almost perfect models whereas for
DS2 with a larger number of classes the results is a bit worse but still at almost 90%
for GMLVQ. An additional exploration of the learned parametric distance matrix (class
correlation matrix) in Figure 3 can be used to identify the most relevant features and
correlated sensors (bright points).

4.2

Dynamic dataset

The dynamic dataset consists of 766 frames of 13 different gestures measured with
multiple repeats for 6 persons. The gesture is captured by multiple body measurements. The head rotation is measured by a signal in 3D. Further the movement and
position of 10 body parts is captured by 11 measurements include 3D position and
angle information. Accordingly, each frame is measured by a 113 dimensional feature
vector. For each gesture multiple frames are captured in a range of 2 to 115 frames
with a gap of 5 frames each. The gestures are similar as shown in Figure 2 but with an
associated movement. The following classes are defined flap,head nodding,wink left,
wink right,cross-armed,shaking, left shoulder shaking, right shoulder shaking, bending,
left bending, right bending, nodding to the left shoulder, nodding to the right shoulder.
The dataset has been normalized to N (0, 1). We consider this dataset as DS3 in the
following.
The evaluation was done by a LOO over the probands which can be analyzed
across the different models to identify prediction characteristics for the different probands.
We observe that all probands show a strong variance with respect to their prediction
accuracy but for two probands we can correctly predict the 13 gestures in above 50%
of the cases. If we focus on the best observed model from Table 2 (FKL with SVM-
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Figure 3: Class correlation matrix for DS1 and DS2 of GMLVQ.

6

Machine Learning Reports

Analysis of temporal Kinect motion capturing data

Representer
HMM
HMM
HMM
HMM
HMM
∇ HMM
FKL
FKL
GAK

Classifier
NN
MAP
SOFTMAX
SVM-Linear
SVM-ELM
SVM-Linear
SVM-Linear
SVM-Elm
SVM

Prediction accuracy
47.05% ± 10.72
25.01% ± 7.28
53.27% ± 10.89
48.54% ± 8.12
55.14% ± 12.00
20.92% ± 5.44
63.52% ± 15.40
61.32% ± 20.70
54.97% ± 9.87

Table 2: Prediction accuracy (mean/std) for the dynamic motion capturing data (DS3)
using different representation and classifier approaches.
1
38.91% ± 13.65

2
56.59% ± 22.37

3
37.26% ± 14.35

4
33.64% ± 13.18

5
54.29% ± 24.00

6
49.90% ± 16.7

Table 3: Prediction accuracy (mean/std) for the 6 probands.
Linear), we get the following confusion matrix shown in Figure 4. We observe that the
class 1 (flap) is consistently predicted over all probands, also class 5 (cross-armed),
10 (left bending) and 13 (nodding to the right shoulder) show good results. A confusion
between semantically related classes occurs e.g. for the class 3 (wink to left) and class
4 (wink to right). The worst classification accuracy can be observed for class 6, 7
(shaking and left shoulder shaking) and class 9 ( bending).

5

Conclusion

We explored different algorithms to predict gestures of static and dynamic motion capturing data. The prediction of the intended gestures is most effective for static measurements with almost 90% also for a 20 class experiment. Using GMLVQ one can
additionally identify the most relevant measurement channels, which can be used to
simplify the measurement process. For the very challenging dynamic motion capturing
data (DS3), focusing on the prediction of gestures with respect to 13 classes, the accuracy suffers, but is still surprisingly good with above 63% for the best algorithm. We
found that the use of a non-standard type of metric, either by means of a parametrized
metric like in GMLVQ or in form of a reliable kernel improved the overall results. For
the dynamic data set we also observe that the used representation matters most and
the fisher kernel description, which also takes label information into account, was most
successful. The specific post-classifier is less relevant in general. In summary we
found that machine learning approaches can be effectively used to predict human gestures with quite good accuracy. In future work improved pre-processing of the data,
e.g. by invariant coding of the kinematic reference points and hierarchical classification
models will be address.
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Figure 4: Confusion matrix with respect to the 13 classes in the dynamic motion capturing dataset.
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