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Abstract

In this paper, we propose a novel neural networks-
based scheme to extract emotional information from
dynamic gestures of dance performance. The ex-
tracted information is used as a part of ATR-MIDAS,
MIC Interactive Dance System, to control and com-
posite audio-visual data such as sound, music, im-
age, graphics and video. Though over last few years
many research works on gesture analysis have been re-
ported to help human-machine interface, conventional
approaches have limitations in applying to dancing se-
quence analysis, because dancing is dynamic, rather
‘than static, and human emotion is too abstract to an-
alyze. Such well-known limitations of gesture analysis
can be alleviated by adopting neural networks to learn
the dancer’s emotional intention through learning. To
address these problems, we propose a time delay muiti-
layer perceptron-based emotion analysis scheme. Our
experimental results demonstrate that consistent emo-
tional analysis can be achieved using the proposed
scheme, which maps between local features and sym-
bolic representation of emotion in realtime.

1 Introduction

In general, nonverbal, as well as verbal, expres-
sion plays a key role in communications between hu-
mans. Especially, various gestures are one of impor-
tant means to deliver human emotion. Therefore,
over last few years many research has been focused on
gesture recognition to support more efficient human-
machine interface. However, such efforts has limita-
tions because many realtime applications, e.g. emotion
analysis from dance performance, which require dy-
namic”, rather than ”static”, gesture analysis. Note
that dance performance is a representative target of
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emotion analysis because a dancer tries to convey var-
ious emotions through his/her dynamic but distinctive
body movements [1-3].

Therefore, we propose a robust way to extract in-
tentional emotion of dancer from dancing sequences.
The aim of this research is to examine the physical,
emotional and cognitive aspects of body movement,
i.e. how the human emotion and physical laws inter-
act with each other. The relationship might be a mean
to create tools for the interface between human and
machine. To show the effectiveness of our approach,
we build a ATR MIDAS (ATR MIC interactive dance
system), which allows to interactive composition of
audio-visual data corresponding to the analyzed in-
tentions of the dancer.

As shown in Figure 1, the ATR-MIDAS is a non-
contact vision-based system. First, we ask a dancer
to express his/her emotion, what is called 7 motives,
through dance performance. The performance is cap-
tured using multi cameras, e.g. front and top cameras
are used to trace personal and general spaces, accord-
ing to Laban’s theory {4]. Then, corresponding fea-
tures are extracted from the sequences. The extracted
features are used as input of a time delay multilayer
perceptron (TD-MLP). Thus, The proposed TD-MLP
maps the extracted features onto emotional represen-
tation, i.e. 7 motives. As a result, TD-MLP tries
to mimic dancer’s intentions through backpropaga-
tion learning algorithm. Finally, given the trained
TD-MLP, anyone can composites audio-visual data,
echoing the dancer’s emotion.

In this scenario, the main advantage of the pro-
posed approach is that it is easy to map nonlinear
relationships without evaluating features. According
to our experimental results, the proposed novel neu-
ral networks-based scheme, TD-MLP, achieves consis-
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Figure 1: Basic structure of ATR MIDAS.

tent interpretation of dancer’s intentions through the
learning of body movement or dynamic gestures.

This paper organized as follows. In Section 2, we
briefly explain about features corresponding to La-
ban’s theory. In Section 3, the proposed scheme based
on TD-MLP is described. In Section 4, we provide
some experimental results to compare the effectiveness
of the proposed scheme. Brief discussion and future
works are also given in Section 4.

2 Features for Emotion Analysis

The language of movement is subjective and ob jec-
tive: every movement we make contains psychological
meaning and physical laws. R. Laban, a choreographer
and movement theorist as well as a dancer, believed
that movement of the body and the mind is the basis
of all human activity. Laban’s broad vision revealed
the general laws of human movement as they occur in
work dnd at play, in expression and relationships, and
in everyday life. Laban Movement Analysis (LMA)
is a system of observing, analyzing, and classifying
movement. As a result, the possible applications of
LMA has been used by a wide and diverse range of
groups and individuals including researchers, dancers,
athletes, actors, therapists and educators.

The LMA encompasses four main categories: Body,
Effort (dynamics), Shape, and Space [4]. The Body as-
pect deals with principles such as the initiation and se-
quencing of movement from different parts of the body,
and the connection of body parts to each other. The
Effort dimension is concerned with movement quali-
ties and dynamics, and is subdivided into weight (en-
ergy), space, time and flow factors. Shape is about the
way the body interacts with its environment. There
are three types of shape change: shape-flow (growing
and shrinking, folding and unfolding, etc.), directional
(spokelike or arclike) or shaping (molding, carving and
adapting). Space involves the study of moving in con-
nection with the environment and is based on spatial
Patterns, pathways and lines of spatial tension. The
theory and practice of Space Harmony acts as a frame-
work for Space, Effort and Shape in the form of estab-
lished scales of movement within geometric forms.

In this paper, to analyze dancer’s intentions in an
efficient way, we focus on the Effort aspect and then
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extract some features from dancing sequences based
on Laban’s Theory [4]. As shown in Figure 2, we for-
malized dynamic nature by the relationships among
space, time and energy, which can be described by
openness, velocity and acceleration of the movement,
The principles of space, time and energy are no less

important for the movement than color, line and form
for a painter.
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Figure 2: Emotion Space. The emotion space consists
of space, time and energy, which can be described by
openness, velocity and acceleration of the movement.

To capture body movements, we need to use multi
cameras, e.g. one is on top of the studio and the other
is in front of the studio. In general, while top cam-
era is good for tracking the features of general space,
front camera is useful for extracting features of per-
sonal space. However, in this paper, as the first stage
to this research, we use a camera in front of the stage.
Using the front camera, we trace the width and height
of the box which warp the moving object, i.e. human
body, as well as its center. Then, we calculate the
ratio of object within the traced box, which is used
as space information. In the same time, the change
of centroid (i.e. velocity and acceleration) are used as
time and energy information, respectively. The ex-
tracted features are used to trace dancer’s intended
emotion, which is represented by his/her body move-
ment or rhythm information.

3 Analysis Using Neural Networks

It has long been postulated that neural networks
might provide the most sound basis for approximating
any (linear or nonlinear) function with a finite num-
ber of discontinuities, [5]. Especially, MLP might pro-
vide the most valid way to map any nonlinear relation,
given sufficient neurons in the hidden layers. After
proper training on a representative set of input and
output vectors, MLP tends to lead a new input vec-
tor (that the MLP has never seen) to a similar output



(to the correct output for the close input vector used
in training). However, the MLP may have limitations
in applying for applications requiring time-dependent
nonlinear mapping such as emotion analysis.

Therefore, we extend the MLP to TD-MLP to learn
emotion from dancing sequences. As shown in Fig-
ure 3, the proposed TD-MLP consists of three layers.
In this framework, a set of features extracted based
on Laban’s theory and its time delay set are used
as input vectors. Time-delayed features are adopted
for TD-MLP to learn dynamic movement using time-
dependent local features. A set of symbolic represen-
tation of emotion is used as output vectors to train the
TD-MLP. Finally, TD-MLP approximates the nonlin-
ear mapping, i.e. associate the time delay input fea-
ture vectors with specific emotional category.

Emotional category

[ Hidden layer I

Input features

Figure 3: Time-delayed Multilayer Perceptron. It con-
sists of 3 layers including input, hidden and output
layers. Time-delayed features are used as an input to
generalize a nonlinear mapping. A set of input and
output vectors and backpropagation algorithm is used
to train the TD-MLP.

The most common learning rule for training the
networks is the error backpropagation rule, where
the term backpropagation refers to the manner in
which the gradient is computed for nonlinear multi-
layer networks!. There are many variations of the
backpropagation algorithm. The simplest implemen-
tation of backpropagation learning updates the net-
work weights and biases in the direction in which the
performance function decreases most rapidly the neg-
ative of the gradient. There are two ways in which the
gradient descent algorithm can be implemented: incre-
mental mode and batch mode. For faster convergence,
the gradient descent algorithms are equipped with mo-
mentum. In addition to these, there are other high
performance algorithms which fall into two main cate-
gories. The first category uses the heuristic techniques
such as variable learning rate backpropagation and
resilient backpropagation. The second category uses

1The backpropagation algorithm was created by generalizing
nonlinear differentiable transfer functions and the Widrow-Hoff
learning rule to multilayer networks such as MLP [5].
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standard numerical optimization, e.g. conjugate &a-
dient method, quasi-Newton method and Levenbe,g_
Marquardt algorithm. In this paper, among many
variations of the backpropagation algorithm, we adopt
an adaptive learning algorithm, which is capable of

speeding up the learning process in batch mode train.
ing‘ ‘ ER S
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4 Experimental Results lm

We take dancing sequences in the studio with mul-
tiple cameras. Note however that in the experiments,
we only use a camera in front of the studio. In learp.
ing phase, we prepare 21 segments, where each motive
contains 3 segments (walk, turn, jump). As a result,
21 segments of training sequence are used. After train-
ing, we used 7 segments, corresponding to 7 motives
(e.g. natural, happy, fluent, lonely, lively, sharp and
solemn), in which each segment contains several mo-
tions such as walk, turn and jump.

The first step is to extract the input features from
the dancing sequences. The features are extracted
from the sequence of one second, e.g. in case of 10 fps
case, 10 frames are used to calculate features. Then,
the features are remained in the input layer for a few
second. Figure 4 shows the emotional space with fea-
tures extracted from the dancing sequences based on
the Laban’s theory. Each space corresponds to 7 mo-
tives and the last plot shows the emotion space con-
taining whole data of training sequences. As can be
seen in Figure 4, the problem to solve using the TD-
MLP is nonlinear separation of the emotional space.

+%

The second step is emotional mapping between 7 in-
put features and target 7 motives using the proposed
TD-MLP. The TD-MLP consists of 3 layers, ¢.e. input,
hidden and output layers. Input layer has 2 time de-
lay components and thus each layer has 21 (i.e. 3x7),
147 (i.e. 3x7x7) and 7 nodes, respectively. As shown
in Figure 4, the learning of emotional mapping re-
quires about 1000 iterations to achieve learning goal.
Figure 4 shows how well the TD-MLP learn the train-
ing sequences after finishing learning. Note that, a3
explained, we use no special knowledge on emotional
mapping.

The third step is to consider the case of new data to
test the generalization capacity of the TD-MLP. Af-
ter the learning, the 7 segments of dancing sequences,
which are not used in learning, are used in test. As
shown in Figure 4, the proposed TD-MLP is capabl.e
of generalizing the emotional mapping, though we fail
to get continuous mapping in some parts of the test

e




Figure 4: Projection of features onto emotion space.
The axis represents space, time and energy, respec-
tively. Each space corresponds to 7 motives: natural,
happy, flowing, lonely, dynamic, sharp and solemn.
The last plot shows the emotion space containing
whole data of training sequences.
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Figure 5: Learning curve of TD-MLP. The learning of

emotional mapping requires about 1000 iterations to
achieve learning goal.
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Figure 6: Output of TD-MLP for training sequence.

sequences.

Figure 7: Output of TD-MLP for test sequence.

In this paper, we showed that consistent emotion
analysis can be achieved using the proposed TD-MLP,
which has availability to map from local features to
an abstract symbolic representation of emotion. Note
however that, if we only obtain features from only few
seconds of segments, there is some limitations in re-
ducing error rates {currently about 20 % of the test
sequences). Especially, according to the experimen-
tal results, classification between lonely and solemn
has failed, even in the training process, because both
have similar movements in test as well as training se-
quences. Therefore, to get a more consistent emotional
mapping, we will extend the proposed framework to
incorporate a more stronger time-domain constraint
into the proposed TD-MLP. The results of the pro-
posed scheme also can be applied into emotion analy-
sis of a group dancing without the loss of generality.
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